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Abstract

Flood damage is becoming more serious due to the heavy rainfall caused by climate change. Physically based hydrological models have
been utilized to predict stream water level variability and provide flood forecasting. Recently, hydrological simulations using machine
learning and deep learning algorithms based on nonlinear relationships between hydrological data have been getting attention. In this
study, the Long Short-Term Memory (LSTM) algorithm is used to predict the water level of the Seomjin River watershed. In addition,
Climate Prediction Center morphing method (CMORPH)-based gridded precipitation data is applied as input data for the algorithm to
overcome for the limitations of ground data. The water level prediction results of the LSTM algorithm coupling with the CMORPH data
showed that the mean CC was 0.98, RMSE was 0.07 m, and NSE was 0.97. It is expected that deep learning and remote data can be used
together to overcome for the shortcomings of ground observation data and to obtain reliable prediction results.
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Fig. 1. Seomijin river watershed and stations. Each grid includes pre-
cipitation data provided from CMORPH product
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Fig. 2. Conceptual diagram of LSTM algorithm (Han et a/, 2021)
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parison of water level predicted from the CMORPH and ground precipitation (Right panel)
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