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Abstract

Water-level prediction accuracy remains insufficient for intraday generation scheduling at low-head run-
of-river hydropower stations with limited storage capacity, such as Gezhouba. The proposed method cou-
ples a physics-based conceptual model with a long short-term memory (LSTM) network to predict water
levels. A time shift and an amplitude adjustment represent flow propagation along the river reach. The
method back-calculates samples of the generation water-consumption rate from historical water balances,
and the LSTM learns how this rate varies with operating conditions over time. During prediction, water-
balance calculations use upstream releases, the plant’s scheduled power output, and spill discharge to re-
cursively determine the forebay water level. The evaluation compares the coupled model with a direct
water-level LSTM model using six typical-day cases from the 2025 dry season. Case selection uses power-
output profiles to identify days with modest daily peaking and small intraday revisions to the original
power schedules. The coupled model reduces both mean absolute error (MAE) and root mean square error
(RMSE) in four cases. Across all six cases, average MAE and RMSE decrease from 0.13 and 0.15 m to 0.07
and 0.08 m, respectively, and average end-of-day absolute error decreases from 0.27 to 0.03 m. The method
can support the preparation of daily generation schedules for run-of-river hydropower stations under
modest daily peaking and relatively stable operating conditions.
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