/—J J. Korea Water Resour. Assoc. Vol. 51, No. 12 (2018), pp. 1207-1216 pISSN 1226-6280
@ doi: 10.3741/JKWRA.2018.51.12.1207 eISSN 2287-6138

Prediction of water level in a tidal river using a deep-learning based LSTM model

Jung, Sungho? - Cho, Hyoseob® - Kim, Jeongyup® - Lee, Giha®*

*Department of Disaster Prevention and Environmental Engineering, Kyungpook National University
"Water Resources information center of Han River Flood Control Office, Ministry of Environment

Paper number: 18-085
Received: 11 September 2018; Revised: 23 October 2018; Accepted: 23 October 2018

Abstract

Discharge or water level predictions at tidally affected river reaches are currently still a great challenge in hydrological practices. This
research aims to predict water level of the tide dominated site, Jamsu bridge in the Han River downstream. Physics-based hydrodynamic
approaches are sometimes not applicable for water level prediction in such a tidal river due to uncertainty sources like rainfall forecasting
data. In this study, TensorFlow deep learning framework was used to build a deep neural network based LSTM model and its
applications. The LSTM model was trained based on 3 data sets having 10-min temporal resolution: Paldang dam release, Jamsu bridge
water level, predicted tidal level for 6 years (2011~2016) and then predict the water level time series given the six lead times: 1, 3, 6,
9, 12, 24 hours. The optimal hyper-parameters of LSTM model were set up as follows: 6 hidden layers number, 0.01 learning rate, 3000
iterations. In addition, we changed the key parameter of LSTM model, sequence length, ranging from 1 to 6 hours to test its affect to
prediction results. The LSTM model with the 1 hr sequence length led to the best performing prediction results for the all cases. In
particular, it resulted in very accurate prediction: RMSE (0.065 cm) and NSE (0.99) for the 1 hr lead time prediction case. However, as
the lead time became longer, the RMSE increased from 0.08 m (1 hr lead time) to 0.28 m (24 hrs lead time) and the NSE decreased from
0.99 (1 hr lead time) to 0.74 (24 hrs lead time), respectively.
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Sequence Lead Time
length |1 hour| 3 hours |6 hours| 9 hours | 12 hours | 24 hours
1 hr(t-5~1t)[0.065| 0.090 | 0.147 | 0.214 | 0.235 0.279
3hr(t-17~t) 0.079 | 0.118 | 0.208 | 0.216 | 0.237 0.282
6hr(t-35~1)[ 0.092 | 0.113 | 0.203 | 0.218 | 0.224 0.271
Average |0.079| 0.107 | 0.186 | 0.216 | 0.232 0.277
Table 2. NSE results of different sequence length cases
Sequence Lead Time
length 1 hours |3 hours |6 hours |9 hours | 12 hours | 24 hours
1hr(t-5~t)] 0.986 | 0.973 | 0.928 | 0.846 | 0.815 0.738
3hr(t-17~t)| 0.979 | 0.953 | 0.855 | 0.843 | 0.811 0.732
6 hr (t-35~t)| 0.971 | 0.957 | 0.862 | 0.841 | 0.831 0.753
Average | 0.979 | 0.961 | 0.882 | 0.843 | 0.819 0.741
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