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DEVELOPMENT OF A FLOOD PREDICTION MODEL BY LSTM
WITH A TRANSFER LEARNING APPROACH
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A real time forecasting system for flood events requires a robust, accurate and quick response model
that is able to predict water levels. We focus on a deep neural network model embedding a long, short-term
memory architecture (LSTM), which utilizes only observed data without any hydrological-based setups.
However, lots of data are necessary to develop an accurate LSTM model. To achieve this requirement even
in insufficient data, an alternative method is proposed in this study using transfer learning (TL) coupled
with the LSTM model. For TL, the model is pre-trained in a source watershed with lots of flood-event data,
then being directly applied to a target watershed with small-size data. The results for the top three largest
flood events in the target watershed show that predicted water levels with TL were improved by 30% of
those without TL. Additionally, the TL-based model with 10-time re-trainings predicted more accurately
by 2% if compared with the model without re-training. The computational cast was reduced by up to 1/10.

Key Words : LSTM, transfer learning, flood forecast, time-series data, insufficient dataset
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