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Speed control of load-haul-dump(LHD) based on reinforcement
learning algorithm
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Abstract: To solve the problem that it is difficult to control the change of the speed of LHD unmanned
driving., the reinforcement learning algorithm is applied to control the speed of LHD unmanned driving, so
that the vehicle speed can keep smooth and stable in various states. The reinforcement learning algorithm
is compared with the empirical method, fuzzy control, traditional PID control, synovial control, inverse
control and intelligent optimization algorithm. The reinforcement learning strategy is analysed and
designed, and the reinforcement learning model is deduced, that is, the relationship between the control
speed and the last time speed, the last time heading angle deviation and the last time position deviation.
The relevant parameters are calculated, and the simulation experiments are carried out to verify the
correctness of the model. Experimental results show that compared with traditional fuzzy hierarchical
control speed and the empirical method to set the speed, the reinforcement learning algorithm control can
improve the stability of the speed change, flexibly and correctly adjust the speed change according to the
speed change of the environment and its own state, improve the dynamic performance of the vehicle and
reduce the error.
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Fig. 1 Logic diagram of reinforcement learning algorithm
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Fig. 2 Flow chart of parameters calculated by reinforcement learning genetic algorithm
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Table 1 Comparison of speed control effects between pure fuzzy control and reinforcement learning control
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