#5060 % 5 ho% xR @ K OF F R Vol. 60 No. 5
2026 45 H JOURNAL OF XI”AN JIAOTONG UNIVERSITY May 2026

EHEEREA VTR EREERRRTIE

EEE, fl—. KN
(P LR AR ML 2B . 710049, 742

HE. ATAPABEEIHBEAKMTEMGCVMRTHEAR ZHA CITELEME RERRKEER
Wr e EERR BRI ETORRENA A KR R —FATRERLF T 0
HREBERTE, AR AARENZMNBHAELGEHN S A BAEHOREELY, AT AEW
DB LA BB HB R R A KITREN B H RN AT RAFIEL, AR
M AR ATV, i R R KA (PPO) LA M AR b R AR, F AT A/ AW/ BERXIMRET
HEEREFI  RG.ENGTCANSG BRI T RFTLARARGAEHRBIE, EREAN . MRS
ERBEASAFH TN RERAS YRR REDREE AL MGV L35 54238 Mm 7.304 %, 5+ 4
P RFR ZH AL R ATIRE; BB AR X T i 7 R AR AR TIRR A& RAF6) AT
VNP R

KER: EHEATEFREBRERERLF T

PESES. V448 XHEREML: A

DOIL: 10.7652/xjtuxb202605021 XEHS . 0253-987X(2026)05-0217-09

Intelligent Deformation Decision-Making Method for Morphing
Glide Vehicle

WANG Taojun, MENG Fanyi, CHEN Gang

(School of Aerospace Engineering, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: To fully leverage the significant advantages of morphing glide vehicles (MGVs) over
traditional fixed-configuration aircraft in terms of range, speed, and environmental adaptability,
and to address the challenge of optimal morphing configuration decision-making under multiphysics
coupling, an intelligent morphing decision-making method based on deep reinforcement learning is
proposed. First, a deep neural network was used to construct a surrogate model for wing surface
morphing and aerodynamic performance, achieving end-to-end rapid mapping from morphing actions to
aerodynamic data. Then, a reinforcement learning framework was established by integrating the
longitudinal motion model of the vehicle. Through comparative analysis of algorithm performance, the
proximal policy optimization (PPQO) algorithm was selected to construct the intelligent decision-making
model, enabling autonomous policy learning under aerodynamic/morphing/trajectory cross-coupling.
Finally, full-process simulation experiments were conducted in perturbed environments beyond the
training scope for validation. The results show that the proposed method can intelligently make

morphing decisions by comprehensively considering the coupling effects of aerodynamics, morphing, and
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trajectory, increasing the terminal range of the MGV by 7. 304% and effectively maintaining a high

lift-to-drag ratio flight state. Additionally, perturbation tests demonstrate that the method

remains feasible and exhibits strong generalization capabilities in uncertain environments.

Keywords: morphing glide vehicle; intelligent deformation decision-making; deep reinforcement

learning
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Fig. 1 Outline and morphing modes of MGV
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Fig. 3 Model structure of the neural network in this paper
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Fig. 4 Results of the aerodynamic properties prediction
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Fig. 5 Reinforcement learning for morphing decision
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