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Figure 1 The autonomous airship and coordinate system.
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Table 1 Parameters of the autonomous airship
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Table 2 Parameters of the critic network

28 AR
MASH RERES, SIifERIRa
g oA 128
Y1 5
T BR AL Relu
EES 0.0001
etk 2 Adam

263



A SR A ST IR IR 2T A TE N R B A2 PR B

F£3 ActorESH

Table 3 Parameters of the actor network
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Figure 4 (Color online) Path-following errors under different reference paths.
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This paper proposes a model-free control approach by integrating the line-of-sight method with deep reinforcement learning to
address the path-following problem for autonomous airships. Firstly, based on the line-of-sight method, the path-following control
problem is transformed into a heading control problem. Then, considering the kinematic and dynamic characteristics of the airship,
such a heading control problem is formulated as a Markov decision process. Building upon this, a model-free heading control strategy
is designed using the deep deterministic policy gradient algorithm to achieve precise desired heading tracking, ultimately
accomplishing the path-following objective. Simulation results demonstrate that under three typical expected paths, the proposed
method achieves faster convergence to the expected control objective compared to the traditional PID control, while exhibiting
superior tracking accuracy and system stability, thereby verifying its effectiveness and superiority.

autonomous airship, path following control, line-of-sight, deep reinforcement learning, deep deterministic policy
gradient
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