R ERER AT IR R TR ANREEY 2 PR

1

EFE A BRI R AT RO/ > Aok C KIETHED AL
B REGRT B EVRE B BRI LG S e
Boo FS R AR F R B R R AR Foksh B A A Bl
Piﬁ"ﬁiﬁﬁﬁﬁﬂ*v4m$m’;%?TM@#fWO1é’%E$%L
RUFOEREFFRLAF Y FREFHT 0 KRB A S i BR8] 0 TRPO
DEQ A TV LR

MeEZ 0 R B Y R BRE -

99

F pa(iEa Trsr‘f T REE A A EEL ST RAAHEE b e > E-mail: yhhuang@nttu.edu.tw
ERE ML AR FALHEE L F4 5 E-mail: 11022120@gm.nttu.edu.tw
FieF Rz E A2 Fea 2 TAESE L ¥4 5 E-mail: 11022126@gm.nttu.edu.tw
A RziL TS FTaaHEE r §2 5 E-mail: 11122121 @gm.nttu.edu.tw
FIH O R EA B8 FTapEg ¥4 5 Email: 11122130@gm.nttu.edu.tw



£ A% B 8 E ) 20250 15(1)  pp.99-110

Drone Motion Control Based on Reinforcement Learning
Yan-Hao Huang *, Ching-Wu Jen, Yo-Sheng Tung, Bo-Cing Wu , Yong-Jie Ning

Abstract

The application of Unmanned Aerial Vehicles (UAVs) has significantly expanded from
military operations to civilian sectors, driven by advancements in drone technology and
improved image recognition precision. This study investigates the application of
reinforcement learning for UAV control, with performance validation conducted through
physical simulations. We propose an enhanced reward function to improve the accuracy of
UAV flight trajectories, thereby achieving more stable and efficient flight control.
Specifically, the research simulates flight scenarios involving straight-line and fixed-path
trajectories. The Trust Region Policy Optimization (TRPO) and Proximal Policy
Optimization (PPO) algorithms are employed to compute the error between target points and
simulated flight positions. Experimental results demonstrate that optimizing hyperparameters
and reward mechanisms, particularly with TRPO, leads to superior flight path optimization
and enhanced overall flight performance.
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