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Time-Optimal Trajectory Optimization of Multi-Axis Motion System

by Reinforcement Learning

ZHANG Tie, LIAO Cailei, ZOU Yanbiao, KANG Zhonggiang

(School of Mechanical and Automotive Engineering, South China University of Technology, Guangzhou 510641, China)

Abstract: To realize high-speed motion of the multi-axis motion system and solve the problem of
dynamic overload for motor, a time-optimal trajectory optimization scheme with reinforcement
learning is proposed. This scheme chooses an improved state-action-reward-state-action
(SARSA) algorithm and iterative interaction to find the time-optimal trajectory. The agent
interacts with the reinforcement learning environment established by the kinematics model via the
improved SARSA algorithm to find the initial trajectory satisfying the kinematics constraints.
Then the agent interacts with the real environment by iterative interaction to introduce the motor
dynamic load constraints into the reinforcement learning environment and modify the strategy
trajectory so as to obtain the time-optimal trajectory satisfying motor dynamic load constraints.
The time-optimal trajectory is verified on a self-built two-axis motion system. The results show
that the speed and acceleration curves of the trajectory optimized by the improved SARSA
algorithm are within the constraint ranges and the actual measured torque curve of the trajectory
after 10 iterations is also within the dynamic load constraint ranges of motor, thus the time-
optimal trajectory satisfying both kinematic constraints and dynamic load constraints of motor is

obtained by this way.
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Fig. 1 Schematic diagram of the multi-axis motion system
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Fig. 2 Schematic diagram of time-optimal reinforcement

learning environment
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Fig. 4 Schematic diagram of rewards and penalties for the

time-optimal trajectory optimization problem
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