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Introduction
Pumped hydro storage (PSH) is the most widely deployed energy storage technology, representing ~96% of global
utility-scale energy storage capacity and 99% of stored energy. PSH operates by using excess electricity during low
demand periods to pump water from a lower to an upper reservoir, converting electrical energy into potential energy.
During peak demand, the stored water is released to generate electricity. PSH supports grid services such as peak load
management, frequency regulation, renewable energy integration, emergency backup, and overall grid stability. Key
components of PSH include reservoirs, pressure conduits, and reversible pump-turbine units.
Despite its technological maturity, PSH faces challenges related to optimization and economic viability. Reservoir
capacities are affected by various factors like scheduled releases, natural inflows, evaporation, precipitation,




temperature, and soil permeability, which exhibit complex, nonlinear relationships. This complexity makes accurate
forecasting difficult using traditional statistical methods. Additionally, PSH scheduling is a high-dimensional problem
with nonlinear performance characteristics and multiple constraints, including vibration zone avoidance to protect
equipment from wear and failure. Traditional optimization methods like the Equal Incremental Rate method and
Dynamic Programming are unsuitable for these complex, nonlinear systems, while intelligent algorithms may exhibit
instability and unreliability.

Recent advancements in machine learning (ML) offer potential solutions. Convolutional neural networks (CNNs) are
effective at extracting patterns from time-series data, and Long Short-Term Memory (LSTM) networks, including their
bidirectional variants (BiLSTM), capture both short- and long-term temporal dependencies. Attention mechanisms, like
the Squeeze-and-Excitation (SE) mechanism, enhance model performance by dynamically weighting features for
improved prediction accuracy. Deep reinforcement learning (DRL) integrates deep learning with decision-making,
allowing agents to learn optimal scheduling policies. Algorithms such as Deep Deterministic Policy Gradient (DDPG) are
particularly suited for continuous control problems like PSH unit commitment and dispatch.

Recent studies have explored hybrid neural network architectures for PSH. For example, Multi-Branch Attention-CNN-
BiLSTM models, which process input features based on Spearman correlation, have achieved improvements in reservoir
capacity forecasting accuracy, reducing errors by up to 2% and 14-17 cubic meters. Similarly, Atomic Orbital Search
(AOS)-optimized LSTM models have outperformed traditional methods in predicting flow characteristic curves. By
combining these high-precision models with DDPG-based scheduling, water consumption reductions of up to 2.36% and
improved vibration zone avoidance have been achieved. As renewable energy sources like photovoltaics and wind
become more integrated into the grid, PSH must address uncertainties related to renewable output variability and
natural inflows. Conditional risk-aware reinforcement learning frameworks that combine inflow prediction with risk
quantification have improved forecasting accuracy by 18.9% in mean square error and 58.8% in mean absolute error.
Current research typically separates reservoir forecasting from scheduling, missing opportunities for integrated
optimization. Few frameworks exist that combine both aspects into a unified approach that informs scheduling decisions
with forecast uncertainty. This research proposes a hybrid Multi-Branch Attention-CNN-BiLSTM framework with DRL
for dynamic reservoir capacity forecasting and optimized scheduling. The goals are to improve forecasting accuracy by
15-20%, reduce water consumption by 1.5-3.0%, and decrease vibration zone operations by over 90%. This work
contributes to Al applications in energy storage, renewable energy integration, and supports Sustainable Development
Goals 7 (Affordable and Clean Energy), 9 (Industry, Innovation, and Infrastructure), and 13 (Climate Action).
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¥ > : Feng Renbhai is currently an Associate Professor at the School of Electrical and Information Engineering, Tianjin
University, and Vice Dean of the School of Physics and Electronics, Xinjiang Normal University. He has long been
engaged in research in the fields of energy storage and machine learning. As a principal investigator, he has led more
than ten research projects, including grants from the National Natural Science Foundation of China, as well as




provincial/ministerial-level projects and industry-academia collaborations, with total funding exceeding 5 million
yuan. In recent years, he has published over 50 SCI-indexed papers as first or corresponding author in leading
domestic and international academic journals, including more than 10 papers in JCR Ql-ranked journals, and has
received two provincial and ministerial-level awards.




