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1 BRIREMIPAXFESEEFTENRRIER
Table 1 Comparison among the proposed method and the baseline methods in road network [ and road network I
Roadﬁﬁemtwork MZlifods ?vmh T, Frag, loop
1 Dijkstra &. Full charge 773.921 235. 348 1.875 0
RL & Dueling DQN 843.072 248. 438 2.500 0. 750
RL & DQN 858. 768 259. 819 2.750 1.125
Proposed method 778.904 212.078 1.750 0
Il Dijkstra & Full charge 1 987.090 608. 630 5. 750 0
RL &. Dueling DQN 2 036. 660 627.320 6. 750 2.375
RL & DQN 2 063. 460 639. 570 7.375 3. 250
Proposed method 1 993. 900 592. 360 5.375 0

Note: The best results of each evaluation criterion in the test set are shown in bold
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Fig.7 Comparison of path results generated by different methods in road network [
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Table 2 Comparison of model migration

Model migration (%)

B ‘
Road network  RL %Sﬁehng RL & DQN PI;(;IEﬁZZd
i} 74 68 86
70 62 80

Note: The best results of each evaluation criterion in the test set are

shown in bold
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Research on Electric Vehicle Travel Planning Based on Inverse
Reinforcement Learning

LI Fanyu,ZHANG Ying, HUA Yunpeng,l.I Muyang,CHEN Yuanchang
(School of Control and Computer Engineering, North China Electric Power University, Beijing,102206 , China)

Abstract : With the popularization of electric vehicles,the research on travel planning of electric vehicles is par-
ticularly important. Travel planning, which is different from path planning,needs to consider both path and
charging problems. This article proposes a travel planning method for Electric Vehicles Travel Planning
(EVTP) based on Inverse Reinforcement Learning (IRL) ,which can effectively plan an accessible path for e-
lectric vehicle users with a short driving path and a short charging time. The Dijkstra algorithm was improved
to obtain the shortest path considering the charging behavior, which was input into the inverse reinforcement
learning algorithm as an expert example. The inverse reinforcement learning algorithm was used to obtain
both walking and charging rewards. In learning strategy,Dueling DQN algorithm was used to update Q-value
efficiently and improve learning performance. Partial charging strategies and segmented charging strategies
were adopted to improve the charging efficiency and make the research closer to the real situation. The work-
ing performance and results of the model were analyzed in detail and compared with the benchmark method.
The results show that the travel planning method of electric vehicles based on inverse reinforcement learning
has better performance in both driving time and charging time. Meanwhile, our method has very good per-
formance in portability.

Key words: inverse reinforcement learning; electric vehicle; travel planning; Dueling DQN; partial charging

strategies
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