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Fig. 4 Battery characteristics
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Fig. 5 Rule-augmented deep reinforcement learning framework
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Research on DRL-based energy management for trains
HU Enze, CHEN Lin, XU Zuming
(Zhuzhou CRRC Times Electric Co., Ltd., Zhuzhou, Hunan 412001,China)

Abstract: Diesel-electric hybrid trains represent an indispensable transitional solution for the decarbonization of heavy-haul rail-
ways. To address the challenge of achieving minimal diesel consumption while maintaining battery health under highly dynamic operat-
ing conditions, a rule-augmented deep reinforcement learning (RDRL) method was proposed. First, a high-fidelity backward simulation
model of a 1.5 MW diesel-electric hybrid train was developed, in which the efficiency maps of the engine, generator, and traction motor
were derived from bench tests, and the battery was characterized by an equivalent circuit model. Second, three types of prior knowledge
—the engine’s optimal brake-specific fuel consumption curves, the charge - discharge characteristics of the traction battery, and the opti-
mal action trajectories generated by offline dynamic programming (DP)—were encoded as action-space shaping and reward regulariza-
tion terms. These elements were subsequently integrated into a deep deterministic policy gradient (DDPG) agent. Third, the RDRL agent
was trained using prioritized experience replay and decaying Ornstein - Uhlenbeck noise to enhance learning efficiency and policy stabil-
ity. Finally, the effectiveness of the proposed method was validated through simulations and semi-physical experiments. Experimental re-
sults demonstrate that, compared with the baseline DDPG algorithm and deterministic rule-based strategies, the proposed method reduces
fuel consumption by 3.5% and accelerates convergence by 38.7%. Furthermore, the fuel economy achieves 94.9% of the global optimum
obtained by offline DP. The framework is further validated on an autonomous rail rapid transit platform, demonstrating its strong transfer-
ability to hydrogen fuel cell hybrid systems. Overall, the proposed method offers a practical and effective solution for dynamic energy
management in hybrid railway systems.

Keywords: diesel-electric hybrid trains; energy management strategy; rule-augmented deep reinforcement learning; fuel economy;

prior knowledge; simulation
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