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Abstract

Recently, Artificial Neural Network receives attention as a data prediction method. Among these, a Long Shot-term Memory (LSTM)
model specialized for time-series data prediction was utilized as a prediction method of hydrological time series data. In this study, the
LSTM model was constructed utilizing deep running open source library TensorFlow which provided by Google, to predict inflows of
multipurpose dams. We predicted the inflow of the Yongdam Multipurpose Dam which is located in the upper stream of the Geumgang.
The hourly flow data of Yongdam Dam from 2006 to 2018 provided by WAMIS was used as the analysis data. Predictive analysis was
performed under various of variable condition in order to compare and analyze the prediction accuracy according to four learning
parameters of the LSTM model. Root mean square error (RMSE), Mean absolute error (MAE) and Volume error (VE) were calculated
and evaluated its accuracy through comparing the predicted and observed inflows. We found that all the models had lower accuracy at
high inflow rate and hourly precipitation data (2006~2018) of Yongdam Dam utilized as additional input variables to solve this
problem. When the data of rainfall and inflow were utilized together, it was found that the accuracy of the prediction for the high flow
rate is improved.
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Table 2. Boundary value of observed and predicted inflow

Min (m*/s) Max (m’/s) Average (m’/s) Total(m®/s)
Observation 0.1 2,192.9 23.8 812,997.3
M3 1.5 1,537.0 23.6 805,394.9
o M6 3.4 1757.3 23.7 811,696.1
Prediction
M8 0.3 1,871.5 23.8 812,179.1
Ml1 -140.9 1,920.9 23.5 805,230.9
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Fig. 5. Comparison of observed and predicted inflow rate time series
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Table 3. Model performance results according input data - inflow

Table 4. Model performance results according input data - error

. Inflow (m’/s) Error
Classify - Input Data
Min Max Avg | Total Vol. RMSE MAE VE
Observation 0.10 | 2,192.90 | 23.78 | 812,997.30 Inflow Rate 0.0006 7.01 0.10
Inflow Rate | 0.34 | 1,871.50 | 23.76 | 812,179.12 Inflow Rate &
Input P—— Rainfall 0.0054 7.00 -0.01
Data . 1.37 | 2,037.79 | 23.82 | 814,142.20
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