S ¥E A ROBOT

DOI: 10.13973/j.cnki.robot.240329  CSTR: 32165.14.robot.240329

Eiﬁ%

ﬂ V%ﬁ% Hh PRI 222

ETRERUF SIHEREE T AL =13 H1 2
Ffe, NEE, TAK, THHM

b
(EPIRH R ae Rt 50, Wirg Kb 410073)

B OFE: HATPU e RIS AL SR 3 2R AT LI I HE ) B, R T X # s LR R AT . N T
Ser VU ie I ANLEINLEDPE, I R ah s8], SCELMLE AT AN PRSI, $ I —Fh I T IR B 5 fh 27 5T ) DY e 3R
T NHULEE 0 T7 e 1% T 8 UCR IR FE oAb 5 21 5 DY e 38 IE AL HE S bl AR S5, A2 XA HE T R e 3R
TENNB) I AR IR E, Btk I T IR sl 2 ST R 2 M 2 Pl d, FEHITE AHURIZ ) 4 S sBLAITE HED)
LT RANERIZEE SR T P& AF. FIR, JFRE 7R, KB, KA B 4 22 3R 2T DU e
FICNNASE B 07 L, SHIRE RAERN, 5 M 1R A4 0 MR SR AH EE, AR SO R X 4 ) 2
SPATEVEE A EANURE BB A Pl S, SR, RENS A BT AN 6 MR

KR PRI ANL: IREDIRILS T Mg Pt as; XRHES ) RIEIEH]

Bidirectional Thrust Control of a Quadrotor with Deep Reinforcement Learning

LI Xiaoxin, LIU Zhihong, WANG Guanzheng, WANG Xiangke
(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract: Current control technologies for quadrotors mainly adopt the approach of utilizing positive thrust from the
motor, limiting the application potential of bidirectional motors. To improve the maneuverability of quadrotors, expand their
action space, and achieve agile flight and rapid control, a bidirectional thrust control method for quadrotors based on deep
reinforcement learning is proposed. This method combines deep reinforcement learning with bidirectional thrust control for
quadrotors for the first time. Based on the dynamic model of quadrotors with bidirectional thrust, a neural network controller
based on deep reinforcement learning is designed to control the expected low-level thrust of 4 motors, realizing rapid hovering
under extreme conditions. In addition, simulations of quadrotor stable hovering control under extreme conditions, such as
large attitudes, high speeds, and high angular speeds, are conducted. The experimental results show that, compared to existing
controllers using positive thrust, the proposed bidirectional thrust controller performs smoother actions, with smaller state
fluctuations, shorter control times, and stronger robustness, effectively improving the control performance of the quadrotor.
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Fig.1 The structure and coordinate systems of quadrotor
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Fig.2 Structure of the neural network controller
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Fig.7 Data of hover control experiment from high speeds
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Fig.10 Quadrotor position and attitude in hover control experiment from extreme conditions
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