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Abstract A Python-based LSTM model was constructed using a Tensorflow backend to estimate the
amount of outflow during floods in the Gokgyo-cheon basin flowing into the Sapgyo Lake. To understand
the effects of the length of input data used for learning, i.e., the sequence length, on the performance
of the model, the model was implemented by increasing the sequence length to three, five, and seven
hours. Consequently, when the sequence length was three hours, the prediction performance was
excellent over the entire period. As a result of predicting three extreme rainfall events in the model
verification, it was confirmed that an average NSE of 0.96 or higher was obtained for one hour in the
leading time, and the accuracy decreased gradually for more than two hours in the leading time. In
conclusion, the flood level at the Gangcheong station of Gokgyo-cheon can be predicted with high
accuracy if the prediction is performed for one hour of leading time with a sequence length of three

hours.
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Fig. 1. Study site and its sub-basins.
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Table 1. Summary of model results at leading time
steps T+1 ~ T+5 for validation phase.

Time Scenario RMSE
step (m3/s) NSE
SC1 6.70 0.9971
T+1
SC2 6.76 0.9970
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T+2
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SC1 10.03 0.9885
T+3
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T+4
SC2 13.44 0.9738
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Fig. 2. Scatter plot at leading time steps T+1, T+3,
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f) in validation phase
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Table 2. Performance of LSTM model for flood
forecasting at leading time steps from T+1
to T+5 for thr flood events. (test phase)

Flood Time RMSE
event step (mg/s) NSE PEC6)
T+1 76 0.97 -4.3
T+2 93 0.95 -3.1
FE1 T+3 125 0.90 0.9
T+4 161 0.81 10.5
T+5 202 0.68 21.6
T+1 73 0.95 -3.0
T+2 99 0.89 -4.4
FE2 T+3 124 0.80 -2.9
T+4 142 0.71 -3.2
T+5 162 0.61 5.6
T+1 88 0.96 -2.9
T+2 88 0.96 1.6
FE3 T+3 105 0.93 12.6
T+4 133 0.85 22.3
T+5 168 0.71 32.6

FE1, FE2, and FE3 are flood events with
maximum flow of 1335, 963, and 1005 mS/S, respectively
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Fig. 6. Comparison of observed and simulated
hydrographs at leading time steps T+1, T+2,
and T+3 for three flood events. (test phase)
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