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Intelligent Deformation Decision-making Method for
Morphing Glide Vehicle with Deep Reinforcement Learning
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China)

Abstract: To fully exploit the significant advantages of Morphing Gliding Vehicles (MGVs) over
traditional fixed-configuration vehicles in terms of range, speed, and environmental adaptability, and to
address the challenge of optimal configuration decision-making under multi-physics coupling, this
paper proposes an intelligent morphing decision-making method based on deep reinforcement learning.
Firstly, a deep neural network is employed to construct a surrogate model for wing deformation and
aerodynamic performance, facilitating a rapid end-to-end mapping from morphing actions to
aerodynamic data. Secondly, a decision-making framework is established by combining the longitudinal
motion model with reinforcement learning. Through comparative analysis of algorithm performance,
the Proximal Policy Optimization (PPO) algorithm is selected to construct the intelligent model,

enabling autonomous strategy learning under the cross-coupling of aerodynamics, morphing, and

Wik H 19 < 2025-06-05,



N

> R PN

XX &

trajectory. Finally, full-process simulation experiments are conducted in deviated environments outside

the training envelope. The results indicate that the proposed method achieves intelligent decision-

making by comprehensively considering the cross-coupling of aerodynamics, morphing, and trajectory,

increasing the terminal range of the MGV by 7.304% , while effectively maintaining a high lift-to-drag

ratio. Furthermore, deviation tests confirm the method's feasibility and generalization capability in

adapting to uncertain environmental challenges.

Keywords: Morphing Glide Vehicle; Intelligent deformation decision-making; Deep reinforcement

learning
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