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Abstract

The advancement of dam operation is further required due to the upcoming rainy season, typhoons, or torrential rains. Besides, physical
models based on specific rules may sometimes have limitations in controlling the release discharge of dam due to inherent uncertainty
and complex factors. This study aims to forecast the water level of the nearest station to the dam multi-timestep-ahead and evaluate the
availability when it makes a decision for a release discharge of dam based on LSTM (Long Short-Term Memory) of deep learning. The
LSTM model was trained and tested on eight data sets with a 1-hour temporal resolution, including primary data used in the dam operation
and downstream water level station data about 13 years (2009~2021). The trained model forecasted the water level time series divided
by the six lead times: 1, 3, 6, 9, 12, 18-hours, and compared and analyzed with the observed data. As a result, the prediction results of the
1-hour ahead exhibited the best performance for all cases with an average accuracy of MAE of 0.01m, RMSE of 0.015 m, and NSE of
0.99, respectively. In addition, as the lead time increases, the predictive performance of the model tends to decrease slightly. The model
may similarly estimate and reliably predicts the temporal pattern of the observed water level. Thus, it is judged that the LSTM model
could produce predictive data by extracting the characteristics of complex hydrological non-linear data and can be used to determine the
amount of release discharge from the dam when simulating the operation of the dam.
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Fig. 1. Location of the study area
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Table 1. Summary on input dataset information
Period
No. Input Data Minimum Maximum Unit Tempo.ral
resolution From To

) Dam water level 34.45 44.59 EL.m hourly 01 Jan 2009 12 July 2021

2) Rainfall 0 32.908 mm hourly 01 Jan 2009 12 July 2021

3) Dam inflow 0 14101.22 m’/s hourly 01 Jan 2009 12 July 2021

@) Electric release 0 114.204 m’/s hourly 01 Jan 2009 12 July 2021

%) Spillway release 0 592.087 m’/s hourly 01 Jan 2009 12 July 2021

(6) Dam release (Jinju city) 0 596.209 m’/s hourly 01 Jan 2009 12 July 2021

@) Jangdaedong* (Target) 18.3 21.81 EL.m hourly 01 Jan 2009 12 July 2021

®) Deogori 13.35 19.57 EL.m hourly 01 Apr 2009 10 July 2021

Dam release
Jangdaedong
Deogori
01/2004 04/2007 "
Training-Validation (80-20) Testing
o E— L Ly
01/2009 01/2019 07/2021

Fig. 4. Time series data sets for LSTM applications
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Table 2. Correlation analysis between input data

Input data Dam WL | Rainfall | Dam inflow | Electric release | Spillway release | Dam release | Deogori Jalzqgg?;:gng
Dam WL 1
Rainfall -0.05 1
Dam inflow 0.13 0.31 1
Electric release 0.20 0.12 0.23 1
Spillway release 0.15 0.21 0.50 0.27 1
Dam release 0.20 0.22 0.50 0.65 0.91 1
Deogori 0.19 0.25 0.63 0.44 0.72 0.76 1
Jangdaedong (Target) 0.17 0.17 0.36 0.55 0.57 0.69 0.60 1
Table 3. Training scenarios for LSTM model
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Scenarios | Performance criteria Lead time
lh 3h 6h 9h 12h 18h 24 h
MAE (m) 0.01 0.017 0.04 0.053 0.071 0.081 0.085
Case 1 RMSE (m) 0.020 0.037 0.072 0.096 0.122 0.157 0.178
NSE 0.998 0.995 0.980 0.964 0.943 0.905 0.878
MAE (m) 0.009 0.017 0.035 0.056 0.064 0.081 0.085
Case 2 RMSE (m) 0.020 0.037 0.069 0.097 0.116 0.156 0.170
NSE 0.999 0.995 0.982 0.964 0.948 0.907 0.889
MAE (m) 0.011 0.019 0.057 0.082 0.087 0.105 0.106
Case 3 RMSE (m) 0.021 0.038 0.081 0.116 0.129 0.172 0.196
NSE 0.998 0.994 0.974 0.948 0.935 0.885 0.852
MAE (m) 0.009 0.021 0.053 0.073 0.084 0.105 0.117
Case 4 RMSE (m) 0.019 0.039 0.078 0.108 0.128 0.169 0.190
NSE 0.999 0.994 0.976 0.955 0.936 0.890 0.861




1102 S. Jung et al. / Journal of Korea Water Resources Association 54(S-1) 1095-1105

23

—— Observation

21

20

Water level (m)

19

18
6-1-20 6-8-20 6-15-20 6-22-20 6-29-20 7-6-20 7-13-20 7-20-20 7-27-20 8-3-20 8-10-20 8-17-20 8-24-20 8-31-20 9-7-20 9-14-20 9-21-20
0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00
Time (hr)
(a) 3 hr prediction

23

= Observation

| Juwﬂl‘h‘hwm i | [

. Prediction

~
n

21

20

Water level (m)

19

18
6-1-20  6-8-20 6-15-20 6-22-20 6-29-20 7-6-20 7-13-20 7-20-20 7-27-20 8-3-20 8-10-20 §-17-20 8-24-20 8-31-20 9-7-20 9-14-20 9-21-20
0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00

Time (hr)
(b) 9 hr prediction

23

= Observation

. Prediction

-

E 21
K
3
a—l‘ 20
&
=
19
18
6-1-20 6-8-20 6-15-20 6-22-20 6-29-20 7-6-20 7-13-20 7-20-20 7-27-20 8-3-20 8-10-20 8-17-20 8-24-20 8-31-20 9-7-20 9-14-20 9-21-20
0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00 0:00
Time (hr)
(©) 18 hr prediction
Fig. 5. Comparison of water level for the specific rainfall events in case 2
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Table 5. Result of detail analysis for validation and testing in case 2
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1103

Lead seq_ mum_ | hsize | num e Training Validation Testing
time length unit - time (s) MAE (m) | RMSE (m) | NSE MAE (m) | RMSE (m) NSE
16 107 801.2 0.011 0.017 0.999 0.011 0.024 0.998
16 32 114 394.8 0.007 0.012 0.999 0.005 0.017 0.999
64 115 248.7 0.011 0.015 0.999 0.01 0.02 0.999
] 4 128 125 129.1 0.009 0.013 0.999 0.009 0.02 0.999
16 105 809 0.015 0.018 0.998 0.017 0.026 0.997
10 32 110 405.1 0.008 0.012 0.999 0.007 0.019 0.999
64 114 253.8 0.013 0.016 0.999 0.015 0.023 0.998
128 129 145 0.009 0.013 0.999 0.008 0.019 0.999
16 127 705.1 0.023 0.036 0.994 0.019 0.038 0.994
16 32 218 614.9 0.023 0.034 0.995 0.02 0.038 0.994
64 160 337.3 0.023 0.035 0.994 0.019 0.039 0.994
3 4 128 141 163.6 0.021 0.034 0.995 0.017 0.0347 0.995
16 150 848.7 0.022 0.034 0.995 0.02 0.039 0.994
10 32 187 585.4 0.019 0.032 0.995 0.015 0.036 0.995
64 120 271.9 0.02 0.033 0.995 0.017 0.037 0.995
128 132 171.4 0.021 0.034 0.995 0.017 0.037 0.995
16 136 1000.7 0.045 0.068 0.979 0.037 0.071 0.981
16 32 139 560.6 0.05 0.071 0.977 0.039 0.071 0.981
64 200 407.7 0.051 0.071 0.976 0.044 0.072 0.980
6 4 128 155 299.9 0.045 0.068 0.979 0.035 0.069 0.982
16 116 897.1 0.047 0.069 0.978 0.04 0.076 0.978
10 32 118 520.8 0.047 0.069 0.978 0.038 0.071 0.980
64 133 316 0.044 0.067 0.979 0.033 0.067 0.983
128 155 205.1 0.044 0.066 0.980 0.031 0.065 0.984
16 135 978.7 0.063 0.093 0.960 0.05 0.096 0.964
16 32 138 553.9 0.06 0.092 0.960 0.051 0.095 0.965
64 174 377.6 0.061 0.091 0.961 0.048 0.094 0.966
9 4 128 264 290.8 0.063 0.094 0.959 0.056 0.097 0.964
16 120 910.4 0.062 0.093 0.960 0.055 0.101 0.961
1 32 154 663.7 0.063 0.093 0.960 0.055 0.103 0.959
64 182 4123 0.061 0.092 0.960 0.051 0.104 0.959
128 216 265.8 0.063 0.094 0.959 0.056 0.099 0.962
16 134 1005.1 0.073 0.111 0.943 0.072 0.126 0.939
16 32 161 655.6 0.072 0.112 0.942 0.069 0.123 0.942
64 211 420.2 0.068 0.109 0.944 0.062 0.118 0.946
12 4 128 210 232.2 0.068 0.108 0.946 0.064 0.116 0.948
16 134 1019.6 0.07 0.111 0.943 0.069 0.13 0.935
10 32 142 623.3 0.073 0.112 0.942 0.067 0.128 0.937
64 193 441.6 0.067 0.108 0.945 0.063 0.126 0.939
128 209 262.2 0.072 0.111 0.943 0.066 0.128 0.936
16 181 1234.1 0.08 0.134 0.916 0.084 0.165 0.895
16 32 155 559.6 0.075 0.129 0.923 0.084 0.158 0.904
64 220 454.6 0.068 0.126 0.926 0.075 0.155 0.907
18 4 128 152 290.5 0.071 0.127 0.925 0.081 0.156 0.906
16 129 944.7 0.072 0.129 0.923 0.08 0.167 0.893
10 32 143 571.4 0.077 0.13 0.921 0.089 0.171 0.887
64 158 363 0.071 0.126 0.927 0.081 0.154 0.908
128 179 235.8 0.069 0.127 0.926 0.081 0.158 0.903
16 127 893.1 0.081 0.144 0.903 0.100 0.188 0.864
16 32 182 638 0.083 0.148 0.898 0.096 0.188 0.863
64 182 377.2 0.081 0.143 0.905 0.086 0.174 0.883
24 4 128 182 222.4 0.079 0.141 0.908 0.085 0.170 0.889
16 110 792 0.074 0.145 0.902 0.087 0.190 0.862
1 32 122 508.7 0.077 0.144 0.903 0.086 0.180 0.875
64 123 292.7 0.084 0.143 0.905 0.089 0.178 0.879
128 182 247.8 0.078 0.142 0.906 0.086 0.179 0.877
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