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As global temperatures rise due to climate change, increased rainfall has led to serious
flooding disasters. To minimize the damages from floods, accurate water level predictions
that can quickly detect flood warnings are essential. However, reliable rainfall forecasts,
essential for accurate predictions, vary by region and often lack long-term data. This study
utilizes TimesFM, a time series foundation model, to infer and evaluate rainfall amounts.
The inferred results are incorporated as explanatory variables in a deep learning model to
enhance the accuracy of river water level predictions.
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