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Learning based eco-driving strategy of connected electric vehicle

at signalized intersection

ZHUANG Wei-chao, Ding Hao—nan, DONG Hao-xuan, YIN Guo-dong,
WANG Xi,ZHOU Chao—bin, XU Li-wei
(School of Mechanical Engineering, Southeast University, Nanjing 211189, China)

Abstract: A deep reinforcement learning based eco—driving strategy for connected electric vehicle (EV)
was proposed to improve its energy efficiency at signalized intersection. Firstly, the dynamics of the EV is
modelled, and the simulation environment of signalized intersection crossing scenario is established.
Secondly, the reward function including multiple objectives is designed considering energy consumption
reduction and travel efficiency improvement. The Deep Determinate Policy Gradient (DDPG) is developed

to control the vehicle acceleration in continuous action space. Finally, a Monte Carlo simulation is
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conducted to verify the effectiveness and robustness of proposed method in different driving conditions. The

simulation results show that the proposed strategy can improve the vehicle energy efficiency while ensuring

travel efficiency in both single and multiple intersection scenarios, compared to a conventional accelerate—

constant-brake strategy. In addition, a field test is conducted based on a developed connected automated

vehicle digital twin platform. The experiment results show that the proposed reinforcement learning based

eco—driving strategy has the potential to improve the vehicle energy efficiency and travel efficiency,

simultaneously.

Key words: vehicle engineering; connected electric vehicle; eco—driving; deep reinforcement learning;

signalized intersection; digital twin
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Fig.7 Simulation results of different strategies
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Table 3 Comparison of energy consumption of

different strategies

oKW ACB DP DDPG
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7t L DRL vs. ACB: 37.3%

DRL vs. DP: —2.7%
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Fig.8 Comparison of stochastic performance valida-

tion between DDPG and ACB strategy
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Table 4 Comparison of energy consumption
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Fig. 9 Validation of multi-intersections
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