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ABSTRACT

Currently, multi-UAV collision detection and avoidance is facing many challenges, such as navigating
in cluttered environments with dynamic obstacles while equipped with low-cost perception devices
having a limited field of view (FOV). To this end, we propose a communication-aided collision detection
and avoidance method based on curriculum reinforcement learning (CRL). This method integrates
perception and communication data to improve environmental understanding, allowing UAVs to
handle potential collisions that may go unnoticed. Furthermore, given the challenges in policy learning
caused by the substantial differences in scale between perception and communication data, we employ
a two-stage training approach, which performs training with the network expanded from part to
whole. In the first stage, we train a partial policy network in an obstacle-free environment for inter-
UAV collision avoidance. In the second stage, the full network is trained in a complex environment
with obstacles, enabling both inter-UAV collision avoidance and obstacle avoidance. Experiments with
PX4 software-in-the-loop (SITL) simulations and real flights demonstrate that our method outperforms
state-of-the-art baselines in terms of reliability of collision avoidance, including the DRL-based method
and NH-ORCA (Non-Holonomic Optimal Reciprocal Collision Avoidance). Besides, the proposed method
achieves zero-shot transfer from simulation to real-world environments that were never experienced
during training.

© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Collision avoidance in multi-UAV flights is challenging due to
the complexity of dynamic and uncertain inter-UAV coordination,
particularly when UAV objectives conflict. For small-rotor UAVSs,
this is compounded by limited perception, communication range,
and computational resources [1-4]. Research on multi-UAV col-
lision avoidance generally falls into two categories: traditional
and learning-based methods. Traditional methods include motion
planning, which coordinates UAVs and addresses global con-
straints [5-7]. However, these methods struggle with scalability
and adaptability, especially in dynamic environments. Reactive
approaches, such as velocity obstacle series methods [8-10], are
more responsive but may underperform in complex scenarios and
incur high computational costs.

The rapid advancement of deep learning (DL) has significantly
contributed to the development of learning-based collision avoid-
ance techniques, particularly those leveraging deep reinforce-
ment learning (DRL). These methods capitalize on the strengths
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of deep learning and reinforcement learning, excelling in fea-
ture extraction, nonlinear mapping, and self-learning capabil-
ities. As a result, they can continuously enhance the perfor-
mance of strategies through ongoing interaction with the en-
vironment [11-13]. In the context of small-rotor UAV collision
avoidance, challenges such as limited perception range and low
sample efficiency during training still persist.

Therefore, many studies have focused on improving training
efficiency and enhancing convergence performance. One effective
approach is curriculum learning, which involves training machine
learning models in a structured sequence, beginning with sim-
pler examples and gradually progressing to more complex ones.
This strategy has been shown to outperform traditional training
methods, which typically rely on random data shuffling, without
introducing additional computational costs [14,15]. In this paper,
we aim to integrate the strengths of both reinforcement learn-
ing and curriculum learning, which is referred to as curriculum
reinforcement learning (CRL). This integration seeks to improve
sampling efficiency while maintaining the robust self-learning
and nonlinear fitting capabilities of reinforcement learning [16,
17].

Curriculum learning primarily consists of two categories: train-
ing data ranging from simple to difficult, and models progressing
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from simple to complex. Given the significant difference in di-
mensionality between perception data and communication data,
we propose a learning method that effectively integrates both
data and model curriculum learning to tackle these challenges.
This method progressively increases task complexity while per-
forming training. In the first stage, the focus is on collision
avoidance between UAVs using partial neural networks, while the
second stage expands the problem by incorporating additional
obstacles, utilizing a full neural network for a more compre-
hensive solution. Extensive simulations using PX4 software-in-
the-loop (SITL) [18] show significant performance improvements
over the DRL-based method [19] and NH-ORCA [9], with strong
generalization. A multi-UAV system with four UAVs was also
tested in real-world flights, achieving zero-shot transfer from
simulation to reality.
In summary, the contributions of this paper are as follows:

e We propose a communication-aided collision detection and
avoidance method for multi-UAV systems based on two-
stage curriculum reinforcement learning, integrating per-
ception and communication data to ensure robust collision
detection and avoidance.

o The proposed two-stage learning method first trains a par-
tial policy network in an obstacle-free environment for
inter-UAV collision avoidance. In the second stage, the full
network is trained in a complex environment with obsta-
cles, enabling both inter-collision avoidance and obstacle
avoidance while improving training efficiency.

e Extensive simulation experiments using PX4 SITL, along
with real-world flight tests, are conducted to validate the
performance of the proposed method against two state-of-
the-art baselines, demonstrating successful zero-shot trans-
fer from simulation to reality.

The structure of the paper is organized as follows: Section 2
provides an overview of related work. Section 3 details the meth-
ods proposed in this study. Section 4 presents the experimen-
tal procedures and results, covering both simulations and real-
world applications. Finally, Section 5 concludes the paper with a
summary of key insights and final remarks.

2. Related work
2.1. Motion planning and VO-based approaches

To achieve fully autonomous and safe flight, researchers have
extensively explored solutions to the aforementioned challenges.
Traditional methods mainly include two approaches: motion
planning and reactive collision avoidance. FastPlanner [5] and
EgoPlanner [6] are representative works in motion planning,
realizing real-time autonomous flight of an individual UAV. On
this basis, Zhou et al. further proposed EgoSwarm [7] and a
fully autonomous aerial swarm [20]. Tordesillas et al. proposed
a decentralized and asynchronous trajectory planner MADER for
UAVs to generate collision-free trajectories [21]. These methods
can provide reliable path planning and collision avoidance but re-
quire mapping, which consumes significant computing resources.
Besides, the potential error accumulation and delay in this cas-
caded architecture lead to a noticeable performance degradation
in both FastPlanner and EgoPlanner as the flight speed increases,
particularly with a significant decline in task success rate [22,23].

Additionally, most existing planning and control schemes place
the responsibility of determining the speed constraint on the
user, typically setting it conservatively as a constant during de-
ployment [24]. Zhou et al. employed an online learning method
based on Bayesian optimization to determine hyperparameters
for trajectory planners [25]. However, the slow convergence rate
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of Bayesian optimization limits the effectiveness of their ap-
proach, making it less capable of adapting to rapidly changing
observations.

Compared to these planning methods, local reactive control
methods, such as Velocity Obstacle (VO) and Reciprocal Velocity
Obstacle (RVO) [8], are faster. RVO has solved the jitter problem
in the original VO. Optimal reciprocal collision avoidance (ORCA)
further advanced these approaches by reducing the problem to
solving a low-dimensional linear program [9]. ORCA represents
the state-of-the-art (SOTA) in the field of collision avoidance for
multi-agent systems. However, these methods assume that each
agent has perfect sensing of the surrounding environment, which
limits their practical application. Multi-UAV collision avoidance
using ORCA with limited field of view (FOV) has been studied
in [10,26], but potential collisions with other UAVs outside the
FOV are ignored. Besides, the VO-based policies are governed by
several tunable parameters that are highly sensitive to the sce-
nario conditions, requiring careful adjustment to achieve effective
multi-robot motion. In some complex scenarios, these methods
exhibit a noticeable decline in both time efficiency and success
rate [13].

2.2. Learning-based approaches

With deep learning developments, end-to-end collision detec-
tion and avoidance methods are gradually emerging to overcome
these shortcomings, such as [23,27]. End-to-end methods are
mainly based on DL and DRL [28,29]. Among them, DL-based
methods usually require large datasets for training, while building
that is time-consuming and laborious. The DRL-based methods
combine the advantages of DL and reinforcement learning (RL)
and have strong capabilities of feature abstraction, nonlinear
fitting, and decision-making.

Chen et al. proposed a decentralized non-communicating
multi-agent collision avoidance method based on DRL [12], called
CADRL. It has achieved better path quality (i.e., time to reach
the goal) than ORCA by combining imitation learning [30] and
DRL. Long et al. proposed a multi-scenario, multi-stage training
framework for multi-robot [19]. The learned collision avoidance
strategy can directly map the LiDAR data to the velocity con-
trol signal and realize less time and collision than NH-ORCA
(non-holonomic ORCA). The studies mentioned above are primar-
ily focused on ground robots and do not involve any form of
inter-robot communication.

Compared to ground robots, UAVs have a higher dimensional
action space, making multi-UAV motion planning challenging.
The collision avoidance of multi-UAV systems in the presence of
measurement noise has been studied in [31,32], whereas the air-
borne sensors used for perception are not considered. Wang et al.
proposed a two-stage learning approach using local observations
for multi-UAV collision avoidance under imperfect sensing [33].
Ourari et al. proposed a nearest-neighbor-based collision avoid-
ance method for quadrotors via DRL [34]. These two works have
not considered the perception sensors, and the UAVs can only
avoid neighbors with known positions. Huang et al. proposed
a vision-based distributed multi-UAV collision avoidance, taking
depth images and inertial measurements as sensory inputs [35].
However, the FOV of the depth sensor is relatively small. This can
easily lead to collisions with dynamic obstacles and neighboring
UAVs.

Yu et al. proposed MAVRL (Memory-Augmented Varying-speed
Reinforcement Learning), a novel obstacle avoidance method that
utilizes a memory-augmented latent space and a varying-speed
policy to enhance safety and efficiency in cluttered environ-
ments [36]. However, the current implementation focuses on
static obstacles and does not address the prediction and avoid-
ance of dynamic obstacles or other UAVs. Kulkarni et al. innovated
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by proposing a modular deep learning approach for collision-free
flight that utilizes a deep collision encoder for efficient represen-
tation of depth data and achieves robust navigation in complex
environments [37], though it may require further investigation
into handling dynamic obstacles and diverse terrain types for
broader application.

3. Methodology

This section begins with a detailed description of the re-
search problem, followed by a comprehensive explanation of the
proposed collision avoidance methodologies. These methods inte-
grate data from communication and sensory perception systems
within the framework of CRL to improve navigational safety.

3.1. Problem formulation

Considering a distributed multi-UAV system, each UAV only
has local perception and communication capabilities. When ap-
proaching the target position, each UAV needs to avoid obstacles
and other UAVs. Based on this, the task of each UAV is modeled as
a partially observable Markov decision process (POMDP), which
can be described as a tuple (S, £2, A, R, P). In this tuple, S is the
set of internal state s, §2 is the observation space (observation
0 € §2), Ais the action space (action a € A), R(s, a) is the reward
function and P(s'|s, a) refers to the state transition function. s’
is the state at the next time step. The goal of DRL is to find an
optimal policy 7 : o' — a', so as to maximize the discounted
long-term numerical return G; [11], defined as

[ee)
Gt =Tey1 + Yl + ¥Vorgs + - = Z YTk (1)
k=0

In the definition of G, r; is the reward at time t, and y is the
discount factor. The ith UAV is desired to approach its destination
g; from the starting point p?, avoiding other UAVs and obstacles
B in the environment. When pf = g;, the task of the ith UAV is
finished. In addition, the velocity is constrained by vq. Thus, the
set of trajectories L is defined as:

L={l,i=1,...,N|vi ~ mg(al|o}),
pi=p '+ ALV,
Vjie[L.NLj#i:|pf—pj| > 2R (2)
AVk € [1,M]: |p; —Bi|| >R
A V]| < vmax
In (2), [; is the trajectory of the ith UAV, N is the number of
UAVs in the system, v} is the velocity of the ith UAV at time t.
The action af at time t is the output of policy 7y based on the
observation o}. p; is the position of the ith UAV at time ¢, which
is updated according to the velocity v and time duration At. ij is
the position of jth UAV at time t, By is the position of the nearest
point of the kth obstacle and R is the safe radius of the UAVs. M
is the number of obstacles. vy is the maximum velocity of the
UAVs. To minimizing the expectation of the average arrival time

of all UAVs, the optimal policy 7y shared by all UAVs is defined
as

N
1
arg minE | — ti | 7o (3
o [N > } )
where t; is the arrival time of the ith UAV. It should be pointed
out that although minimizing the average time of arrival is the
optimization goal, the precondition is that the velocity constraint
is met and no collision occurs.
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Fig. 1. The perception model of the UAV equipped with a 2D LiDAR.

3.2. Kinematics model

We utilize the kinematic modeling of a UAV based on the
Unicycle model, which is widely used in mobile robot dynamics.
The model assumes the UAV moves in a 2D plane, with its motion
defined by position and orientation, influenced by linear and
angular velocities. Let the position of the drone be represented
by the coordinates (x,y) in the world frame (X,, — Y,,), and its
orientation (heading) be denoted by 6.

The UAV’s velocity is defined by two components: the linear
velocity v and the angular velocity w, which determine the rate
of change of its position and orientation over time. The kinematic
equations governing the UAV’s motion are given by:

X = v cos(f)
¥y = vsin(6) (4)
0=w

where x and y represent the velocity components in the x- and y-
directions, 6 is the UAV's orientation relative to the global frame,
v is the constant linear velocity, and w is the angular velocity,
which controls the rate of change in orientation. This model is
favored for its simplicity and ability to describe a wide range of
2D robot motions, where the control inputs directly influence the
velocity and angular velocity.

3.3. Reinforcement learning setup

3.3.1. Observation

The observation at time t (denoted as o') consists of the last
three consecutive LiDAR frames o] € R3*°12, the relative positions
of the destination o} € R? and the nearest neighbor o} € R?, as
well as the current body velocity o, € R?. Therefore, we have:

o' =[o],0,,0.,0,] (5)

LiDAR frames are planar distance measurements in the 270-
degree FOV angle up to a maximum of 5 m, as shown in Fig. 1.
Rs is the minimum safe radius. The size of a raw LiDAR frame is
1025 (Hokuyo UST-05LX), and we use down-sampling to reduce
the size to 512. Each UAV can get its position via positioning
systems such as Global Navigation Satellite System (GNSS), Ultra-
Wideband (UWB) positioning system, motion capture system, or
others. On the basis, 0! is calculated by subtracting self-position
from the nearest neighbors’ position.
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Table 1

Parameters in RL setup.
Parameter Value
Ry 15
dg 0.5 m
kg 25
Rc —15
Rs 05 m
ke 0.1
W 0.6 rad/s
de 5m

3.3.2. Action

Considering the blind area of the LiDAR, the action of a UAV
at time t is defined as

a' = [vy, w,] (6)

where the linear velocity in x direction v, € [0, 1] m/s and the
angular velocity in z direction w, € [—1, 1] rad/s. vy is limited
to non-negative because the LiDAR in this paper cannot perceive
obstacles directly behind it. This paper focuses on collision avoid-
ance in the two dimensional plane. The Proportional-Integral-
Derivative (PID) algorithm [38] is used for height control.

3.3.3. Reward function

During the interaction between UAVs and the environment,
reward is the key signal aligned with the optimization objective.
The reward given to a UAV at time t is defined as

=Ty e, (7)

The three items are related to destination approaching, colli-
sions, and angular velocity. Destination reward rgf is defined as
(8). p* is the position of this UAV at time t and g represents the
position of the destination. When a UAV arrives at the destination
(i.e,, the distance to its destination is smaller than dg), it can
obtain the reward R,. Otherwise, the reward is determined based
on the change in distance to the destination. kg is a constant.

[ Ra. fp*—gf <d
Tg = { ke(|p~" —g| — [|p* —g|)). otherwise (8)
Collision reward rf is defined as (9). When a UAV collides with
others or obstacles, it is punished with R.. In (9), d,, is the distance
between the UAV and its nearest neighbor, and Ad, is the change
in d, within a time step. B, is the position of the closest point in
obstacles to the UAV, and R; is the minimum safe distance of the
UAVs. When the distance between a UAV and another is less than
de, a constant, it will be punished accordingly.

R, if dy < 2R; or |p' —By,| <Ry
re=1 In(§)Ady, elif 2R < dy < de (9)
0, otherwise

The angular velocity related reward r’, is defined to suppress
the excessive angular velocity for a more stable flight, as shown
n (10). wy, is the expected upper bound of angular velocity and
k., is a constant. The values of the parameters mentioned before
are shown in Table 1.
= { —ko(lo;| — wm), if |w,| > wp

w 0, otherwise (10)

3.4. Network architecture

In this paper, we primarily utilize convolutional layers to pro-
cess LiDAR data for feature extraction. To this end, convolutional
layers are combined with fully connected layers to construct the
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Algorithm 1: PPO for multi-UAV systems.

1 Network Initialization
2 for iteration =1, 2, ..., do

3 for UAV = 1,2, ..., Nyav do

4 Run Policy 7y for T; time-steps, collecting
{0,,rl,a Lwhen t € [0, Tj]

5 Estlmate advantages using GAE [39],

Z, 1)'8! where

5f =ri +VV¢( f“) Vi(s)

6 if Y1 | Ti > Tyox then

7 | break

8 end

9 end

10 Tlold <— Tg

1 forj=1,...,E; do

max (a;lo;)

2 LPPO(6 223% fiiﬁ]), BKL[7oals] +
Smax(o’ I<L[7Told|776] ZI(Ltarget)

13 if KL[moia|mp] > 4KLigrger then

14 \ break and continue with next iteration i+1

15 end

16 Update 6 with Ir, by Adam [40] with respect to
LPPO(@)

17 end

18 fork=1,...,E, do

N T; Iy gl
w || = o L e v = V(s
20 end

21 Update ¢ with Iry by Adam with respect to LV(¢)
22 if KL[moq|me] > ,BhighKLtarget then

23 | B<—ap

24 end

25 else if KL[7,14|7m9] < BlowKLiarger then
26 | B < Bla

27 end

28 end

Actor-Critic network, as illustrated in Fig. 2. The actor network, a
parameterized policy, maps from observation space 2 to action
space A. The goal of training is to optimize the parameters of this
network to maximize the long-term numerical reward G;. Critic
is used for value evaluation.

These two networks have the same architecture except for
output. The first convolutional layer has 32 one-dimensional fil-
ters with kernel size = 5, stride = 2, and padding = 1. The second
convolutional layer has 32 one-dimensional filters with kernel
size = 3, stride = 2, and padding = 1. The third layer is a fully-
connected layer with 256 rectifier units. The last hidden layer
is a fully connected layer with 128 rectifier units. In the actor
network, the output layer is a fully connected layer with two
different activation functions: a sigmoid function for v, and a
hyperbolic tangent function for w,. In the critic network, the
output layer is a fully connected layer with a rectifier unit. To
obtain more diverse experiences in training, the final output
is sampled from the normal distribution N;(a‘, o). where the
mean (i.e. a') is the actual output of the policy network and the
variation (i.e. os) is set manually.

3.5. Two-stage training approach based on CRL
The observation includes LiDAR measurements and the rela-

tive position of the nearest neighbor, enabling the UAVs to avoid
neighbor UAVs even if the LiDAR cannot detect them. However,
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Fig. 2. The learning paradigm of the proposed communication-aided collision detection and avoidance method based on CRL. In the first stage, the UAVs learn to
avoid other UAVs based on communication without LiDAR (partial network) and there are no obstacles in the environment. In the second stage, the UAVs can obtain
the entire observation (full network) and there are various obstacles in the environment.

Table 2
Hyper-parameters in Algorithm 1.
Parameter Value | Parameter Value
A in line 5 0.95 y in line 5 and 19 0.99
Timax in line 6 8000 E; in line 11 20
B in line 12 1.0 KLtarger in line 12 15 x 10~
& in line 12 50.0 Iry in line 16 5 x 107>
Ev in line 18 10 Ir, in line 21 1x 1073
Bhign in line 22 2.0 « in line 23 and 26 1.5
Biow in line 25 0.5
n | ]
* * L 2
o AR i
* L4 D D *
o ®) "
+ O =
() s ;
(@) D Y
= +
L 4 A d L 4 L
L]
(a) Scene 1 (b) Scene 2

Fig. 3. Training scenes in two different stages. The colored squares are UAVs,
the black objects of various shapes are obstacles, and the light slate blue sectors
represent lasers.

the dimension of the relative position o € R? is much lower
than that of three consecutive LiDAR frames of € R3*°'2, The
difference in dimension and semantics makes it difficult to learn
to avoid collisions based on data from communication.

In human education, the idea of curriculum learning is quite
common. Learning from one course to another or simple courses
to complex courses are prevalent but efficient methods, similar
to machine learning [16]. Taking a step forward, we propose a
two-stage training approach, which performs training with the
neural network from part to whole, along with the increasing
complexity of the environments, as shown in Fig. 2. In the first
stage, all obstacles are removed, thus reducing the difficulty, as
shown in Fig. 3(a). At the same time, LiDAR ranging is blocked,
and the UAVs can focus on learning to avoid collisions using the
nearest neighbor’s relative position from communication (par-
tial network). Then, the training scene is switched to scene 2
with complete observation for the second stage training with the
entire network, as shown in Fig. 3(b).

The DRL algorithm for policy training is proximal policy opti-
mization (PPO) [41], which has demonstrated good performance

in benchmarks for continuous control tasks [42,43]. The paradigm
of centralized training with decentralized execution (CTDE) [44]
is adopted to speed up the learning process and improve the
generalization. In CTDE, the experience of all UAVs is collected
together to update the network parameters in training, while
in execution, each UAV makes decisions on its own. According
to the computing performance of the desktop computer, twelve
UAVs are set in the training environment to collect experiences
({of, 1}, a}) together and store them in the experience replay
buffer. The complete algorithm flow is illustrated in Algorithm
1, with the parameters listed in Table 2. 6 and ¢ denote the
parameters of the Actor and Critic networks, respectively. A{ rep-
resents the estimated advantage function, while V¢,(sf+]) denotes
the state-value function. In this context, the Kullback-Leibler (KL)
divergence is employed to measure the discrepancy between the
new and old policies. The loss functions L"°(@) and LV(¢) are
utilized to update the Actor and Critic networks, respectively.

3.6. Training with stage

3.6.1. Training details

The training is carried out on Stage,! a multi-robot simulator
based on Robot Operating System (ROS). The initial and target
positions of the UAVs are presented in Table 3. The computer
for training has an AMD 5950X CPU (Central Processing Unit)
and an NVIDIA RTX3090 GPU (Graphics Processing Unit). The
simulation speed of Stage is set to be five times faster than
normal mode to save training time. For abbreviations, the pro-
posed communication-aided collision detection and avoidance
method based on DRL is written as CACDA-DRL, and the improved
CRL-based method is written as CACDA-CRL (Communication-
Aided Collision Detection and Avoidance with Curriculum Rein-
forcement Learning). We have also selected two additional re-
inforcement learning algorithms for comparison: Deep Deter-
ministic Policy Gradient (DDPG) [45] and Advantage Actor-Critic
(A2C) [46], while ensuring that the observation space remained
consistent with that of CACDA-DRL. The total number of training
episodes is 4 x 10°. As for CACDA-CRL, there are 2 x 10> episodes
in each stage of the curriculum. The main parameters of the LiDAR
are consistent with Hokuyo UST-05LX, with a horizontal FOV of
270° and a maximum range of 5 m.

1 http://wiki.ros.org/stage_ros
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Table 3
The initial and target positions of the UAVs in stage (m).
Axis UAV 1 UAV 2 UAV 3 UAV 4 UAV 5 UAV 6
X 180 — —15.0 156 — —13.0 9.0 - —75 0.0 — 0.0 -90 - 75 —15.6 — 13.0
Y 0.0 - 0.0 9.0 - —75 15.6 — —13.0 18.0 - —15.0 156 — —13.0 9.0 > —75
UAV 7 UAV 8 UAV 9 UAV 10 UAV 11 UAV 12
X —18.0 — 15.0 —156 — 13.0 —90 > 75 0.0 — 0.0 90 - 75 15.6 — —13.0
Y 0.0 — 0.0 —90 > 75 —156 — 13.0 —18.0 — 15.0 —156 — 13.0 —90 — 7.5
100 4.1. Experimental details
—— DDPG
80 F —— A2C The simulation experiments are carried out in Gazebo, a 3D,
—— CACDA-DRL dynamic, multi-robot simulator that can provide high fidelity
60 | ---- CACDA-CRL(1) W’M simulation.? PX4, an open-source autopilot for drones [18], is
g CACDA-CRL(2) N used for low-level control. PX4 software-in-the-loop (SITL) is
= 401 e adopted to make the simulation more realistic, as shown in
& Fig. 6. MAVROS is a middleware bridging ROS and the protocol
20 F MAVLink. More detailed instructions can be found in our open-
source project XTDrone.? [47] The modular design makes it quite
oF convenient to combine the collision avoidance module with oth-
ers such as planning and tracking. We have constructed three
-20 : - : : - - - : scenes in Gazebo, as shown in Fig. 5. The white cylinder (in scenes
0 05 10 15 ?-0 25 30 35 40 2 and 3) serves as a dynamic obstacle. The initial and target
Episode 1e5 positions of the UAVs are shown in Table 4. Among them, scene 3

Fig. 4. Training rewards with moving average. The orange dashed and solid lines
represent two stages in CACDA-CRL.

3.6.2. Training results

The rewards in training are shown in Fig. 4. The curves in
green and orange refer to CACDA-DRL and CACDA-CRL methods,
as noted in the legend. The dashed-dotted line corresponds to the
first stage (scene 1, Fig. 3(a)), and solid lines correspond to the
second stage (scene 2, Fig. 3(b)). After 2.0 x 10° episodes, CACDA-
CRL has gained a higher reward due to the simpler environment.
Besides, the ability to avoid collisions based on nearest-neighbor
communication is formed, laying a good starting point for the
training in the second stage. After switching to scene 2, the train-
ing speed of CACDA-CRL is even faster. Ultimately, CACDA-CRL
receives an average reward of approximately 44.9% higher than
CACDA-DRL. The effectiveness of curriculum learning is verified,
which is consistent with the experience of human learning. The
average rewards at the end of training for the DDPG and A2C
algorithms, as benchmarks, are significantly lower than those
achieved by the proposed CACDA-CRL method. Additionally, after
a certain period of training, the rewards show little to no further
improvement, highlighting the challenges in their learning and
policy optimization. This further underscores the effectiveness of
the proposed collision avoidance method based on CRL.

4. Verification experiments

In the experimental section, we validate the proposed method
through extensive simulation experiments and real-world flight
tests. The experiments were conducted using PX4 SITL and the
Gazebo simulation environment, with comparisons made against
two SOTA baseline methods. The scenarios involve complex envi-
ronments with dynamic obstacles, assessing the collision avoid-
ance performance and training efficiency of the multi-UAV sys-
tem. The results demonstrate the successful zero-shot transfer
from simulation to real-world applications, highlighting the ef-
fectiveness of the proposed approach.

is designed to evaluate the generalization of DRL-based methods,
and the relevant experiments will be detailed in Section 4.3.

The messages sent to MAVROS via topics mainly include ve-
locity control output {vx, vy, v;, @,} in the body coordinate frame.
In this paper, v, is set to be 0, and v, is obtained using the PID
algorithm to maintain flight at a certain height. On this basis, the
action (vx and w,) generated by the proposed methods is used
to guide collision avoidance. On real platforms, the messages to
MAVROS are forwarded to the Pixhawk autopilot.

The SOTA baselines for comparison are NH-ORCA and the non-
communicating DRL-based method [19], abbreviated as PPO-NC.
The implementation of NH-ORCA is based on an open-source
project NH-ORCA-python.* In NH-ORCA, the distance used to de-
termine whether another UAV is a neighbor is 5 m. The maximum
number of neighbors is set to five, and the time horizon is 3 s.
Other parameters about the size and action space are consistent
with the proposed DRL methods. The input of ORCA includes the
UAVs'’ radius, position, and velocity, as well as the radius and
position of obstacles. The policy of PPO-NC is trained in the scene
shown in Fig. 3(b) for 4 x 10° episodes.

To verify the robustness of the proposed methods, a noise
Nu(pn, on) obeying normal distribution is added to the height
obtained from Gazebo. The mean value u, and standard deviation
oy are set to 0 and 0.1 m. The experiments in each scene are
conducted 20 times repeatedly, and the results are shown in Table
5. The average number of collisions and time are the main indica-
tors for performance evaluation, which correspond to reliability
and efficiency. Besides, the average jerk is used to evaluate the
smoothness of the trajectories.

4.2. In structured environments

The environments are shown in Fig. 5(a, b). The dynamic
obstacle in scene 2 starts moving with the UAVs and maintains
a constant velocity (1 m/s) in a straight line. Table 5 shows the
average number of collisions, time and jerk. The corresponding
standard deviation is in parentheses. Compared to PPO-NC, the

2 https://gazebosim.org
3 https://github.com/robin-shaun/XTDrone
4 https://github.com/dongfangliu/NH-ORCA-python
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Table 4
The initial and target positions of the UAVs in Gazebo (m).
Scene Axis UAV 1 UAV 2 UAV 3 UAV 4 UAV 5 UAV 6
Scene 1 X 6.0 - —6.0 3.0 - -3.0 —-3.0 — 3.0 —6.0 — 6.0 —3.0— 30 3.0 - -3.0
Y 0.0 —» 0.0 52 — =52 52 —- =52 0.0 — 0.0 —52 — 5.2 —52 — 5.2
Scene 2 X —8.0 — 8.0 —-8.0 — 8.0 —-8.0 — 8.0 —5.0 > —5.0 0.0 — 0.0 50 — 5.0
Y 50 — 50 0.0 - 0.0 —-50 - =50 —8.0 — 8.0 —8.0 — 8.0 —8.0 — 8.0
Scene 3 X —16.5 — 16.5 —16.5 — 16.5 —16.5 — 16.5 —16.5 — 165 —16.5 — 16.5 —16.5 — 16.5
Y 125 - =25 75 - =75 25 - —125 —25 —> 125 —75 — 175 —125 - 25
(a) Scene 1 (b) Scene 2 (c) Scene 3
Fig. 5. Scenes in Gazebo for evaluation experiments. The white cylinder (in scenes 2 and 3) serves as a dynamic obstacle.
Robot operating system
|7777777777j
PX4(F|rmware)
\ Topic MAVROS MAVLmk
‘ Control Service :u_/t:u:m.at
node
| Topic(LiDAR Data) ‘
S 0 Gazebo
Fig. 6. The simulation framework with PX4 software-in-the-loop.
Table 5
The average number of collisions, time (s) and jerk (m/s?). ANC stands for the average number of collisions, and the values in parentheses represent the standard
deviation.
Methods Scene 1 Scene 2 Scene 3
ANC Time Jerk ANC Time Jerk ANC Time Jerk
NH-ORCA 0.00 (0) 16.98 (0.55) 5.58 (1.44) 0.15 (0.48) 22.18 (0.66) 8.59 (1.96) - - -
PPO-NC 0.40 (0.8) 14.21 (0.52) 3.02 (0.93) 1.30 (1.31) 19.45 (0.32) 2.37 (0.59) 445 (1.36) 39.88 (0.99) 1.81 (0.32)
CACDA-DRL 0.00 (0) 15.58 (0.54) 3.76 (0.59) 0.45 (0.80) 21.73 (1.19) 2.68 (0.61) 0.85 (0.48) 40.52 (1.23) 1.42 (0.28)
CACDA-CRL 0.00 (0) 15.02 (0.21) 3.11 (0.52) 0.00 (0.00) 2122 (1.19) 2.09 (0.77) 0.00 (0.00) 41.94 (0.69) 1.67 (0.40)

collisions using CACDA-DRL and CACDA-CRL are significantly re-
duced. Besides, CACDA-CRL has achieved zero collision. PPO-NC
is limited by the field of view, causing the most collisions.

The randomly selected trajectories are shown in Fig. 7(a-h). In
Fig. 7(e), the collision of NH-ORCA occurs between the UAV and
the dynamic obstacle, as marked by the black circle. The average
time of CACDA-CRL has decreased by 11.5% in scene 1 and 4.3%
in scene 2 compared to NH-ORCA. Besides, the average jerk of
DRL-based methods is significantly smaller than that of NH-ORCA,
showing better trajectory smoothness. NH-ORCA requires careful
parameter tuning to balance efficiency and safety. Besides, it is
difficult for ORCA to handle complex environments with various
noises and non-cooperative moving obstacles.

4.3. In a diverse environment

To verify the generalization of the three DRL-based methods,
we design a larger unknown environment (scene 3) with diverse

irregular obstacles, as shown in Fig. 5(c). The average number
of collision, time and jerk are shown in Table 5. The proposed
CACDA-DRL and CACDA-CRL methods have significantly reduced
the collision compared to PPO-NC, although the average time
is 1.6% and 5.1% higher. In such a large and complex environ-
ment with dynamic obstacles, CACDA-CRL has still achieved non
collision, showing good generalization ability.

Fig. 7(i-k) shows the randomly selected trajectories. The black
circles mark the positions where the collision happened. The col-
lisions of PPO-NC in Fig. 7(i) mainly occur between UAVs. As for
CACDA-DRL, the number of collisions has significantly reduced,
and collisions between UAVs are rare. A UAV collides with the
dynamic obstacle in Fig. 7(j).

4.4. Evaluations in a real-world cluttered environment

A multi-UAV system, as shown in Fig. 8, is constructed to
evaluate the performance of the proposed method on real-world
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Fig. 7. The trajectories of UAVs and a dynamic obstacle (the straight line with color gradient). The orange circles indicate where the collision happened. The colors
of the curves correspond to the flight time. Within the orange circles marking the collisions, the specific trajectories involved in the collisions can be identified by

the degree of color matching between the trajectories.

Fig. 8. The multi-UAV system and detailed configuration.

platforms. The UAV frame is the DJI F450, powered by T-Motor
Air Gear 450 motors, with the Pixhawk 4 as the autopilot. The
onboard computer is the Nvidia Xavier NX, and the LiDAR sensor
is the Hokuyo UST-05LX, which offers precise distance measure-
ment capabilities up to five meters. The flight area is about
20 x 20 x 9 m° in size and is equipped with 72 Nokov cameras.
The Nokov motion capture system® is used to track the positions
of the UAVs, which are broadcast using UAV networks.

5 https://www.nokov.com

In the scene shown in Fig. 9, the baseline PPO-NC and the pro-
posed CACDA-CRL have been verified. No fine-tuning was made
to the network parameters while transferring from simulation to
reality. The real-world scenarios differ from those in simulation
to validate the generalization. The destination of each UAV is
12 meters in front of it, and the boxes (obstacles) are randomly
placed. The flight trajectories are shown in Fig. 10. The UAVs with
CACDA-CRL finished the task successfully without collision, while
two UAVs collided with PPO-NC (marked with a black circle). This
resulted in damage to both UAVs, and all UAVs were landed after
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(a) Initial state (=0 s)

(b) Intermediate state (t=6.77 s)

(c) End state (t=19.2 s)

Fig. 9. The snapshots of the real flight driven by CACDA-CRL. We use four colors to identify different UAVs. Boxes block some drones due to the shooting angle.

The sub-figures in the upper right corner indicate their current positions.
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Fig. 10. The UAV and trajectories in real flights. Light blue squares represent obstacles and the black circle in (b) indicates where the collision happens. The colors

of the curves correspond to the flight time.

that. Fig. 9 shows a series of snapshots when UAVs avoid each
other and obstacles, driven by CACDA-CRL.

As a whole, there are two main aspects verified in real flights.
On the one hand, the feasibility of zero-shot transferring the pro-
posed DRL methods from simulation to reality has been verified.
On the other hand, the performance of the proposed CACDA-
CRL method is confirmed. In the actual multi-UAV system, it is
difficult to achieve perfect environmental sensing and accurate
state estimation at all times. This is mainly due to possible visual
blind areas and various disturbances. Therefore, combining sensor
perception with neighbor communication for multi-UAV collision
avoidance is particularly important.

4.5. Real-time performance

The time spent on each processing component is recorded in
real flights to verify the real-time performance of the proposed
methods. The airborne platform used is NVIDIA Xavier NX. The
forward inference is repeated for 1 x 10° times, and the aver-
age latency of CACDA-CRL is 12.3 ms (ms). Since the network
structure and processing flow of CACDA-DRL and CACDA-CRL are
entirely consistent, testing one of them is sufficient. For compar-
ison, the total latency of non-communicating baseline PPO-NC
is 11.6 ms. Although the network architecture of CACDA-CRL is
more complex compared with PPO-NC, the decision time can still
meet the real-time requirement, and the frequency can reach

Table 6
Detailed latency including each processing component (ms).
Methods Components Total

FastPlanner Pre-processing (14.6) Mapping (49.2) Planning (1.4) 65.2
PPO-NC Pre-processing (1.6) Neural network inference (10.0) 11.6
CACDA-CRL Pre-processing (2.1)  Neural network inference (10.3) 12.3

81 Hz. As for the traditional planning method FastPlanner, the
total processing latency is about 65.2 ms on a desktop computer
with an Intel i7-8700 CPU and an NVIDIA RTX2080 GPU [23].
The detailed results of each processing component are shown in
Table 6. From this table, mapping is the most time-consuming
component of FastPlanner, which is not needed in the end-to-end
methods.

5. Conclusion

Towards end-to-end collision detection and avoidance for
multi-UAV systems, this paper introduced a CRL-based method
combining data from LiDAR and nearest-neighbor communica-
tion. On this basis, a two-stage training method (CACDA-CRL)
from simple to complex was proposed. CACDA-CRL performs
training with the network expanded from part to whole, thereby
handling the challenges of fusing data with different dimensions
and improving training efficiency significantly. The experiments
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with PX4 SITL demonstrated that CACDA-CRL outperforms the
DRL-based baseline and NH-ORCA regarding reliability. In ad-
dition, CACDA-CRL achieved non-collision in the three scenes,
exhibiting good generalization ability. Furthermore, we built a
multi-UAV system with four UAVs and realized zero-shot trans-
fer from simulation to real-world environments that were not
experienced in training.

Looking ahead, there are still areas in our work that can be
further refined or improved. First, the action space is
two-dimensional, which makes UAVs unable to achieve collision
avoidance through changing the altitudes. Extending the action
space to three-dimensional is our future work. In the specific
implementation, integrating a 3D LiDAR system can provide more
comprehensive environmental observations for the UAVs, while
extending the action space to include linear velocities along all
three axes and yaw angular velocity. Furthermore, the decision-
making network will require redesigning to accommodate these
enhancements. Second, a motion capture system is required in
the current implementation, which limits the application scope
of the method. Extending the implementation to outdoor sce-
narios, where GNSS or UWB positioning is used, could further
enhance its practicality. Third, we aim to conduct further research
on multi-UAV collision avoidance in complex dynamic envi-
ronments, focusing on real-world applications, to continuously
explore the performance boundaries of the proposed method.
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