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Design of UAV Perching Maneuver Control Strategy Based on
Deep Reinforcement Learning

HUANG Zan, HE Zhen, QIU Jing-wen

(College of Automation Engineering. Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract; UAV perching maneuvering is a landing method that does not require a runway, which
can improve the adaptability of UAV to perform tasks in complex environments. Aiming at the
UAYV perching maneuver process with high nonlinearity and multi-constraint characteristics, a
control strategy design method based on imitating deep reinforcement learning is proposed.
Firstly, a longitudinal nonlinear dynamic model of fixed-wing UAV perching maneuver is estab-
lished, and a reinforcement learning environment for UAV perching maneuver is designed. Sec-
ondly, in view of the large action and state space of the perching maneuver, to improve the explo-
ration efficiency, the system is pre-trained by imitating the experience of experts. Then, based on
the weights obtained by imitation learning, the proximal policy optimization method is used to
learn to build a neural network controller for UAV perching maneuver. Finally, simulations verify
the effectiveness of the control strategy design method.
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Fig. 1 Architecture of reinforcement learning from demonstration
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Tab. 1 Physical parameters of UAV
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m/kg 0.8
I,/(kg+m?®) 0.1
S./m? 0. 054
S/m? 0. 25
le/m 0.235

o/ (kg/m*) 1. 225
g/(m/s%) 9.8
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Tab. 2 Constraints of states and control variable parameters

vi/(m/s) 3.5
Umax/ (m/$) 25
max/ rad n/4
@ max/rad /2
Gmax/ (rad/s) 3.5
x/m 14.9
Zmax/ M 15
hi/m 1.6
T max /0 5
o,/(m/s) 0.5
o./m 0.1
o, /m 0.1
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Tab.3 Algorithm hyperparameters

ag 0. 0001
Aw 0. 0001
3 0.2
Y 0. 997
A 0.95
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Fig. 3 Reward curves during training
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