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A lake water level prediction method based on data augmentation
and Physics-Informed Neural Networks with imbalanced data
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Over the past three decades, lake water level fluctuations have intensified due to climate change

and increasing water demand, creating an urgent need for accurate and efficient prediction

methods. However, existing deep learning-based surrogates often suffer from two major

limitations: the lack of physically informed guidance for hyper-parameter selection, which

increases computational costs, and the scarcity of extreme water level samples, which leads to

imbalanced datasets and reduced accuracy. To address the limitations, this study proposes a

novel Physics-Informed Neural Network (PINN) framework that integrates data augmentation with

physically guided hyper-parameter selection. The framework employs boundary water level time

series as input, incorporates mass-conservation constraints, and applies a clustering-based

augmentation method to enrich extreme event samples. Its applicability was validated in the

Lower Lake of Nansi Lake in China. Evaluation using Root Mean Squared Error (RMSE) and

Nash–Sutcliffe Efficiency (NSE) shows that incorporating physical constraints robustly improves

predictive accuracy, with performance even surpassing that of a classical LSTM model. Physically

guided hyper-parameter selection further enhances both training efficiency and accuracy, and the

proposed augmentation method reduces RMSE by 69.1% under extreme conditions. Compared

with an existing augmentation method, the proposed method can shorten training time by 63.35%

with better prediction performance. The final surrogate achieves RMSE = 0.021 m and NSE > 0.94

(against observations), requiring only 2.42% of the computational time of a traditional

hydrodynamic model. These results highlight the framework’s potential for reliable real-world

water level prediction and its transferability to other hydrological systems.
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