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Abstract: With the increasing penetration of renewable energy sources into power grids, the
inherent intermittency and randomness of power generation pose substantial operational
challenges to maintaining the stability of power systems. The optimal capacity configuration of
energy storage systems plays a critical role in enhancing system reliability and facilitating the
efficient integration and utilization of renewable energy. This paper develops an energy
storage capacity configuration framework based on the combined application of deep
reinforcement learning (DRL) and multiobjective particle swarm optimization (MOPSO). First,
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the proposed framework systematically analyzes the operational characteristics of power
systems and the grid-integration requirements of energy storage, and subsequently constructs
a comprehensive system model incorporating wind power, solar power, and time-varying load
demand, while explicitly defining configuration constraints and multiobjective optimization
objectives. Second, DRL is employed to learn adaptive energy storage operational strategies
under complex and uncertain environments; through continuous interaction between the DRL
agent and the power grid environment, the agent derives optimal charging and discharging
schedules. These learned operational strategies are then used to define particle initialization
bounds and guide the search direction of the MOPSO algorithm. By leveraging MOPSOQO's
global search capability over energy storage capacity combinations, the proposed framework
effectively coordinates and balances inherently conflicting objectives, including economic
performance, system reliabilityy, and renewable energy utilization, within a unified
multiobjective optimization process. Case studies based on an actual power grid demonstrate
that, compared with traditional methods, the proposed approach achieves superior energy
storage configuration solutions while satisfying system constraints, resulting in marked
improvements in economic efficiency, system reliability, and renewable energy utilization
capacity. Overall, the proposed framework provides a practical and scalable technical solution
for energy storage planning under large-scale renewable energy integration and supports the
low-carbon, reliable, and efficient transition of modern power systems.

Keywords: deep reinforcement learning; multi-objective particle swarm optimization; energy

storage system; global search; capacity configuration
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Fig. 5 Quantitative analysis of the convergence characteristics of the algorithms
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