Journal of Aerospace Science and Technology EFrfiZfi AR} =, 2026, 14(1), 21-29 Hans X0
Published Online March 2026 in Hans. https://www.hanspub.org/journal/jast
https://doi.org/10.12677/jast.2026.141004

ETREETRLS S5 oS A (AR
KL BRI AT 4947

HRBE, ETiag, ENE

91331#FBA, LT NI

Weks H . 20264F1 260 FHEM: 20264F3H17H; KA HI: 20264F324H

wm B

48, MERERBRESREEERET ALRE, N TREREFMHREH. AIMESAR. HL%
DRI TAERIRISE 2 3 % YA ORI AR PR — R KR IR MEAE A . ASOE X SRR B v AL 22 ]
TRAT T, BSE WT VIS A 3R A 4e BRI R (U IT R AT M AT, BV E T
HINLEE B 2 B ORI R R 2 SRR, AR SR R R R BRI B Retksaib 2>
GETARMERE, IMERRIPE. MM RLEBRIERR, SR, RELrg
Bl R, BE T EERNIALR L.

Xiid

A BRSNS, Reth, SEEE, WEBLYES, WS

Feasibility Analysis on the Application of
Deep Reinforcement Learning Method
in Aviation Equipment Maintenance

Qingxiao Meng, Yuansuo Wang, Minglei Ge
Unit 91331 of PLA, Xingcheng Liaoning

Received: January 26, 2026; accepted: March 17, 2026; published: March 24, 2026

Abstract

Currently, aviation equipment maintenance strategies primarily rely on manual decision-making,
which exhibits certain limitations and short-sightedness in tasks such as lifecycle scheduling, training
mission planning, and maintenance support planning. This paper analyzes typical deep reinforcement
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learning methods, conducts a feasibility analysis on the intelligent development of aviation equip-
ment maintenance and support strategies for a flight training unit, and establishes a multi-agent-
based deep reinforcement learning model for aviation equipment maintenance and support. It pro-
vides theoretical support for subsequent tasks such as environmental modeling for aviation equip-
ment maintenance and multi-agent reinforcement learning training. This study holds significant
practical importance for establishing scientific and efficient maintenance and support strategies for
aviation forces, enabling intelligent and scientifically optimized maintenance approaches.
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Figure 1. Basic framework of single-agent reinforcement learning
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Figure 2. Basic framework of the DQN algorithm
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