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Research on high-speed train operation adjustment
based on an improved DDPG algorithm
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Abstract: To address timetable conflicts, operational disorder, and cascading delays caused by sudden train delays in increasingly
complex high-speed railway networks, this paper proposes a train operation adjustment method based on an improved Deep Determinis-
tic Policy Gradient (DDPQG) algorithm. To overcome convergence difficulties and insufficient decision stability of traditional DDPG in
optimizing discrete departure sequences, the proposed method models the departure order as a continuous priority score vector, enabling
adaptive and dynamic optimization of departure decisions within a reinforcement learning framework. Furthermore, state normalization
and reward scaling mechanisms are introduced to enhance the convergence rate of the model, while a behavior cloning pretraining mod-
ule is designed for efficient parameter initialization. These improvements allow effective compatibility between discrete permutations
and continuous action spaces. To verify the effectiveness of the proposed method, a simulation environment was constructed based on op-
erational data from the Wuhan-Guangzhou section of the Beijing-Guangzhou high-speed railway and two typical delay scenarios were in-
troduced. Comparative experiments were conducted among the improved DDPG, the improved DDPG without pretraining, the original
DDPG, and two traditional scheduling strategies, namely "departure by arrival order" and "departure per schedule". The improved DDPG
achieved faster convergence and more stable operation in both scenarios than the other algorithms, with significantly superior reward val-
ue iteration curves. In Scenario I, the total delay time was reduced by approximately 67.8% and 65.9% compared with the traditional
scheduling strategies, respectively; in Scenario II, reductions of about 48.0% and 67.1% were achieved. The algorithm effectively miti-
gates cascading delays through tactics such as catching up to schedule and overtaking. The results demonstrate that the proposed method
can efficiently restore train operation order under safety constraints in various delay scenarios, providing a new intelligent optimization
approach for operation adjustment on high-speed railways.

Keywords: train operation adjustment; deep reinforcement learning; DDPG; high-speed railway; behavior cloning pretraining;

high-speed train
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