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Autonomous Control Algorithm for Quadrotor Based on Deep Reinforcement Learning

LIANG Ji, WANG Lisong, HUANG Yuzhou and QIN Xiaolin

College of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China

Abstract With the wide application of UAV, the design of UAV controller has become a hot research topic in recent years. The
control algorithms such as PID and MPC widely used in UAYV are restricted by a series of factors such as difficult parameter ad-
justment, complex model construction,and large amount of calculation. Aiming at the above problems,a UAV autonomous control
method based on deep reinforcement learning is proposed. This method fits the UAV controller through a neural network, directly
maps the state of the UAV to the output of the steering gear to control the movement of the UAV,and can obtain a general UAV
controller in the continuous interactive training with the environment. This method effectively avoids complex operations such as
parameter adjustment and model building. At the same time,in order to further improve the convergence speed and accuracy of
the model,on the basis of the traditional reinforcement learning algorithm soft actor critic(CSAC) , by introducing expert informa-
tion,an ESAC algorithm is proposed,which guides the UAV to explore the environment and enhances the ease of control strate-
gy. Finally.in the position control and trajectory tracking tasks of the UAV.compared to the traditional PID controller and the
model controller constructed by SAC,DDPG and other reinforcement learning algorithms, experimental results show that the con-
troller constructed by the ESAC algorithm can achieve the same level as the PID controller,and it is better than the controller
built by SAC and DDPG in stability and accuracy.

Keywords Reinforcement learning, Quadrotor, Autonomous control, Expert policy
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