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Abstract

research proposes an energy management strategy based on deep reinforcement learning (DRL). The

In order to improve the fuel economy and fuel cell lifetime of fuel cell hybrid vehicles, this

strategy first adds a lifetime factor to reward signal of DRL, the lifetime of fuel cell is extended by limiting
the power fluctuation. Then, the fuel cell system works in a high efficiency range by limiting the action
space of DRL, improving the efficiency of the entire vehicle. After offline training under UDDS, WLTC, and
Japanl1015, it is applied in real time under NEDC to verify the adaptability of the proposed strategy. The
results show that the proposed strategy can converge quickly in offline training, which proves its stability.
Compared with dynamic programming-based strategy, the fuel economy difference in training cycles is only
5.58%, 3.03% and 4.65%, which is close to the optimal, and the promotion is 4.46%, 7.26% and 5.35%
compared with reinforcement learning-based strategy. Compared with the DRL-based strategy without a
lifetime factor, the proposed strategy reduces the average power fluctuation by 10.27%, 47.95%, and 10.85%
under training cycles, which is beneficial to improve the fuel cell lifetime. In the real-time application, the
fuel economy of the proposed strategy is improved by 3.39% compared with the reinforcement learning-
based strategy, which proves its adaptability to unknown cycles.

Keywords fuel cell hybrid vehicle; energy management strategy; deep reinforcement learning; lifetime
enhancement; action space limitation; reinforcement learning
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energy management strategy
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Table 4 Fuel economy of different strategies under training cycles
T30 e &% soC RRELIES SR RE (kg/100 km) WM EESR (%)
UDDS FETENARR 0.6779 0.4929 0.607 3 -
3+ RL 0.671 6 0.464 0 0.6711 10.51
J:+ DRL 0.6775 0.580 3 0.6412 5.58
WLTC FTEARR 0.584 8 0.516 6 0.806 4 -
JTF RL 0.496 0 0.5747 0.895 8 11.09
#F DRL 0.5351 0.576 5 0.830 8 3.03
Japan1015 BT BRI 0.687 3 0.4979 0.5226 -
3T RL 0.6813 0.476 5 0.577 8 10.56
J&F DRL 0.689 9 0.5775 0.546 9 4.65
=5 NELRTHFEHThEED)
Table 5 Average power fluctuation under training cycles
T i W% SOC  EHME  SMERE (kg/100km)  CPHThEMEE (kW) AR (%)
UDDS DRL(EH K T) 0.679 1 0.5776 0.625 6 1.2053 -
DRL 0.677 5 0.5803 0.622 1 1.0815 10.27
WLTC DRL(E i[5 T) 0.5141 0.576 5 0.860 2 0.999 1 -
DRL 0.5351 0.576 5 0.830 8 0.5200 47.95
Japanl015  DRL(EHA i AT) 0.688 6 0.5772 0.550 1 04721 -
DRL 0.689 9 0.5775 0.546 9 0.4209 10.85
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Table 6 Fuel economy of different strategies under validation cycle

T R4 soC APOLVES PRIThERBE (kW) SR (kg/100 km) P& HEES (%)
T AR 0.6390 0.5328 0.89 0.637 3
FT RL 0.6351 0.5269 2.01 0.7315 14.78
3T DRL 0.6382 0.571 6 0.53 0.706 7 10.89
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Fig. 15 SOC curves of different strategies under

validation cycle
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