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Digital twin-based obstacle avoidance method for unmanned aerial vehicle formation

control using deep reinforcement learning
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BXCorresponding author, E-mail: hbduan@buaa.edu.cn

ABSTRACT Unmanned aerial vehicle (UAV) swarms have found extensive applications in various fields, playing a crucial role in
cluster collaboration. These swarms involve multiple UAVs that work together to achieve common objectives. A key challenging task in
swarm operations is collision-free formation control of UAVs. To solve this problem, applying deep reinforcement learning methods has
received significant attention, but their application on autonomous UAVs poses challenges, including dependency on global information
during training, difficulties in sampling, and excessive resource utilization. To overcome these challenges, in this work, a novel approach
based on multi-agent deep reinforcement learning (MARL) is proposed for collision-free formation control of UAV swarms. MARL
allows each UAV to interact with a dynamic environment that includes other UAVs, enabling collaborative decision-making and
adaptive behavior. We focus on leveraging local information to establish a state space for individual UAVs. To train the policy network,
we employ the multi-agent proximal policy optimization (MAPPO) algorithm, allowing robust learning and policy optimization in a
multi-agent setting. Also, we address the issues of sampling difficulties and resource constraints by utilizing digital twin technology,
serving as a bridge between physical entities and virtual models, which offers a novel approach to the intelligent collaborative control of
drone swarms. By establishing models in virtual space, digital twin technology enables the simulation of real-world spaces for pre-

training the reinforcement learning algorithm by generating synthetic experiences. We construct multiple digital twin environments to

Y #s B #3: 2023-09-28
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facilitate interactive sampling and pre-train the swarm with basic task capabilities. Then, we supplement the training using real-world

data collected in actual environments, enhancing the ability of the swarm to perform optimally in real-world scenarios. To evaluate the

effectiveness of our approach, we compare the performance of the two-stage training architecture with other policy algorithms. To

validate the sample efficiency of the on-policy algorithm MAPPO, we conducted a comparative analysis with other policy algorithms,

particularly off-policy algorithms. The results reveal the superior sample efficiency and stability of MAPPO in addressing the challenges

of collision-free formation control. Finally, we conduct a real-flight validation test to validate the practicality and reliability of the

strategy model derived from the digital twin environments. Overall, this work demonstrates the effectiveness of our proposed approach

in enabling UAV swarms to navigate complex environments and achieve collision-free formation control.

KEY WORDS digital twin; deep reinforcement learning; unmanned aerial vehicles (UAVs); formation control; collision avoidance
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Table 2 Initial status of obstacles

Case ID X/m Y/m Radius/m
0 40 40 6
1 26 60 4
1 2 17 86.7 5
3 17 100 3
4 7 67 3
0 34 81 3
1 6 70 8
2 2 18 78 4
3 37 52 5
4 38 99 7
0 41 70 6
1 46 52 7
3 2 38 61 6
3 4 37 5
4 39 102 3

#£3 MAPPO JIZZ%L

Table 3 Parameters of the MAPPO training

Param Value Param Value
Steps 50000 Max grad norm 10.0
Episode Length 250 Gamma 0.99
Mini batch 10 Gae lamda 0.95
Entropy coef 0.05 Clip param 0.2
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Fig.4 Average reward of a single agent in each episode
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Rewards curves of the policy network training: (a) formation reward; (b) target reward; (c) obstacle reward; (d) scale reward
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Table 4 Initial status of obstacles in the actual flight test

ID X'm Y/m Radius/m
0 39 37 7
1 15 47 4
2 28 68 7
3 16 84 6
4 29 104 6
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Fig.5 Comparison of the decision trajectories before and after supplementary training: (a) decision trajectory before supplementary training; (b) decision

trajectory after supplementary training

0 -
72 F
=
% —4
= 6 — After
5= --- Before
< _8 L
g
<]
= —10Ff
=12 r (a)
0 50 100 150 200 250
Steps
or m
-0.2r i
el 1
§ i
0.4 i
2 i — After
= i --- Before
g 06 i
g g
_0'8 -
op, 9
0 50 100 150 200 250
Steps

Target reward

Scale reward

[Tkt
hr Y

--- Before

—04r — After

--- Before
706 .
-0.8 1

()
~1.0 . . . .
0 50 100 150 200 250
Steps

B 6 A FCUIZRATS A B Rt 2 LUAR. (a) BAE2I; (b) FRRE0; (o) MEREALH; (d) MR A)

Fig.6 Comparison of rewards curves before and after supplementary training in the actual scene: (a) formation reward; (b) target reward; (c) obstacle

reward; (d) scale reward.
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Fig.7 UAV platform for validation
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Fig.8 Test flight validation trajectories: (a) monitoring of the experimental process; (b) comparison of the twin decision trajectory with the real flight
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