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Reinforcement learning based attitude controller design

FU Yu-peng', DENG Xiang-yang', HE Ming?, ZHU Zi-qiang', ZHANG Li-min"

(1. School of Aviation Support, Naval Aeronautical University, Yantai 264001, China; 2. Command and Control
Engineering Colledge, People’s Liberation Army Engineering University, Nanjing 210007, China)

Abstract: This article presents an attitude controller based on reinforcement learning (RL). The inputs of the actor
network are states of attitude angle, angular rates etc, where the output is the angle control command of elevator and
aileron, achieving the rapid response of the attitude angle with variable initial conditions, avoiding the application of the
conventional PID controller and the parameter adjustment. According to the states transfer characteristics, by setting the
splitting neural network model, the efficiency of algorithms is improved. In order to be close to the actual fixed-wing
aircraft model, the simulation is based on the JSBSim F-16 aerodynamic model, using the OpenAl gym to build the
simulation environment for reinforcement learning. With arbitrary angular speed, angle, and airspeed as initial

conditions, the actor and critic networks are trained. The simulation results show that the RL based attitude controller
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has faster response and less dynamic error compared with the conventional PID controller.

Keywords: reinforcement learning; PPO; attitude control; fixed-wing; PID; JSBSim
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