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Abstract:

The rapid growth of electric vehicles (EVSs) has created new opportunities for reducing greenhouse gas emissions and
improving energy sustainability. However, the large-scale integration of EVs into power systems can introduce
operational challenges for distribution networks if charging processes are not properly coordinated. Uncontrolled charging
may lead to increased peak demand, higher network losses, voltage deviations, and potential overloading of distribution
feeders. Therefore, developing intelligent charging management strategies for EVs has become an important research
topic in modern power systems.

In this paper, a deep reinforcement learning (DRL)—based framework is proposed for optimal charging management of
electric vehicles in distribution networks. The main objective of the proposed method is to determine appropriate charging
and discharging actions for EVs in order to improve the operational performance of the network while maintaining
acceptable battery energy levels. In the proposed approach, the EV charging problem is formulated as a sequential
decision-making process in which a learning agent interacts with the network environment. The agent observes the system
state, including the operating condition of the distribution network and the state of charge (SOC) of EV batteries, and
then selects suitable actions such as charging, discharging, or remaining idle. A reward function is designed to guide the
learning process by considering important network performance indices, particularly power losses and voltage profile.
The increasing penetration of EVs has motivated many researchers to investigate different approaches for EV charging
scheduling. Conventional methods based on mathematical optimization or metaheuristic algorithms have been widely
used in previous studies. Although these methods can provide effective solutions under certain assumptions, they often
rely on deterministic information regarding load demand, EV arrival times, and charging requirements. In real-world
environments, however, these parameters are uncertain and time-varying. Consequently, traditional optimization
approaches may face limitations when dealing with dynamic and uncertain operating conditions. Reinforcement learning
offers a promising alternative because it allows the control strategy to be learned directly through interaction with the
environment without requiring precise mathematical modeling of uncertainties. In particular, deep reinforcement learning
combines reinforcement learning with deep neural networks and enables the handling of complex and high-dimensional
decision-making problems in modern power systems.

To evaluate the effectiveness of the proposed approach, the IEEE 33-bus distribution network is used as the test system.
Power flow analysis is performed at each simulation step to accurately capture the impact of EV charging and discharging
decisions on network operation. The learning agent continuously updates its control policy based on the received reward
and gradually learns a charging strategy that improves network performance while maintaining a reasonable SOC level
for EV users.

Simulation results demonstrate the effectiveness of the proposed DRL-based charging management strategy. The
numerical results indicate that the proposed method significantly improves several key operational indices of the
distribution network. Specifically, the total network energy losses decrease from 4.150 MWh to 3.420 MWh,
corresponding to a reduction of approximately 17.59%. In addition, the average minimum voltage of the network increases
from 0.9410 p.u. to 0.9635 p.u., representing an improvement of about 2.39% in the voltage profile. The proposed strategy
also effectively reduces the network peak load from 4.850 MW to 4.120 MW, which indicates a peak reduction of
approximately 15.05%.
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Furthermore, the results show that the proposed method maintains an appropriate balance between improving grid
performance and preserving EV battery energy. The average state of charge of vehicles changes from 0.820 to 0.765,
indicating that the algorithm utilizes EV flexibility to support network operation while still maintaining a sufficient level
of battery energy for vehicle usage. This demonstrates the capability of the reinforcement learning agent to learn an
adaptive and balanced charging policy.

Overall, the obtained results confirm that deep reinforcement learning provides an effective and flexible approach for EV
charging management in distribution networks. Unlike conventional optimization techniques that depend on fixed models
and predefined scheduling rules, the proposed method can learn an adaptive control policy directly from interaction with
the system environment. Therefore, the proposed framework can serve as a promising solution for enhancing the
operational efficiency and reliability of distribution networks in the presence of high penetration levels of electric vehicles.
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