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Abstract: A reinforcement learning method based on incremental strategy is proposed to make fault-tolerant tracking
control for continuous flight control system with faults. The system state value obtained by the sensor is used in the method
proposed by this paper, The fault-tolerant system makes optimal decisions on the current control system conditions based on
pre-set reward functions and continuously updates the value network, This transforms the fault-tolerant control process of
the system into a sequential decision-making process of the reinforcement learning agent, and gradually approximates the
specific fault value using an improved incremental strategy. what’s more, A state transition prediction network is proposed
for the continuous control system to obtain the next state value. Finally, The effectiveness of the proposed method is verified
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