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Abstract: Electric taxis have been demonstrated with the promotion of electric vehicles. Compared with
internal combustion engine vehicles, electric taxis spend more time in recharging, which reduces the taxi
drivers’ intention to use. Reinforcement learning is applicable to the sequential decision-making process of
taxis driver. This paper presents the double deep Q -learning network (DDQN) model to simulate the
operation of electric taxis. According to the real-time state of taxis, DDQN will choose the optimal actions
to execute. After training, we obtain a global optimal electric taxi service strategy, and finally optimize
the taxi service. Using real-world taxi travel data, an experiment is conducted in Manhattan Island in New
York City, USA. Results show that, comparing with the baseline methods, DDQN reduces the waiting time
for charging and the rejection rate by 70% and 53% . respectively. Taxi drives’ income are finally
increased by about 7%. Moreover, the results of model parameter sensitivity analysis indicate that the
charge speed and the number of vehicles have greater impact on drives’ income than the battery capacity.
When the charging rate reaches 120 kW, electric taxis achieve the best performance. The government
should build more fast charging station to improve the revenue of electric taxis.
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