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Design of Reinforcement Learning Controller for Quadcopter in
Flight Environment with Random Disturbance

Chun-Hung Liu?, Shun-Pin Yeh!, Yu-Chien Wang', Wei-Lin Lai', Shang-Chi Shen'!, Ze-An
Ding', Li-Ming Chu'*

Abstract

Most quadrotors adopt Proportional-Integral-Derivative (PID) controllers, that requires
time-consuming empirical tuning of PID parameters. Moreover, the parameters need to be
redesigned and readjusted for various flight environments to achieve optimal control
performance, especially when desired altitude is changed. Recently, some studies have
demonstrated that reinforcement learning (RL) in the field of machine learning can address
highly complex problems for the system. RL adopts continuous learning through feedback of
different errors under the same flight environment to obtain the optimal decision for the
system. Therefore, this study focuses on developing RL technology and applying it to an
attitude control of quadcopters. In addition, a Proximal Policy Optimization (PPO) algorithm
is used to design a RL controller for the quadcopter to enhance control performance for
various flight environments. The performance of the RL controller is compared to that of the
PID controller in various target altitudes without and with adding external random
disturbances. The simulation results indicate that the RL controller performs better than the
PID controller in terms of control performance, including transient and steady-state responses.
This study preliminarily concluded that as compared with the well-tuned PID controller, this
well-trained RL controller is able to have better environmental adaptability and control
capability in various flight environments.
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Table 3. ZN-PID £PPO##/ F " 7 A B+ # 2 f/fif;#f; PEZ e L ARR VR
Without Disturbance

Ben;il_lﬁ%{ PPO | Improvement (%)
ITAE (m - s) 4817.47 2426.32 | 49.63 %
IAE (m) 2.45 1.37 44.08 %
ISE (m?) 1.29 1.07 17.05 %
1.0 m Rise Time (s) 0.61 0.59 3.28 %
2.5 m Rise Time (s) 10.47 10.5 | -0.29 %
Peak (m) 0.22 0.01 | 95.45 %
With Disturbance
ITAE (m - s) 6501.74 4965.88 | 23.62 %
IAE (m) 2.89 2.19 24.22 %
ISE (m?) 1.33 1.14 14.29 %
1.0 m Rise Time (s) 0.61 0.59 3.28 %
2.5 m Rise Time (s) 10.49 10.53 -0.38 %
Peak (m) 0.19 0.09 | 52.63 %
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