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stract | This paper presentes a deep reinforcement learning based energy management strategy for Plug—in ric
[ Abstract] This paper p deep reinf learning based gy g gy for Plug—in Hybrid

Electric Vehicle (PHEV) of the THS-III platform. Firstly, a forward simulation model of the vehicle was built using

MATLAB/Simulink. Secondly, a Markov process for vehicle energy management and a deep reinforcement learning

algorithm were built. Finally, simulation and verification were carried out using WLTC—-Class3 and ACC-60. The simulation

results indicate that compared with the rule—based energy management strategy, the deep reinforcement learning—based

energy management strategy saves 16.51% in cost and 15.56% in fuel consumption under WLTC—Class3, and saves 31.95%

in cost and 29.96% in fuel consumption under ACC-60.
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