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Abstract

With the recent development of artificial intelligence, a Long Short-Term Memory (LSTM) model that is efficient with time-series
analysis is being used to increase the accuracy of predicting the inflow of dams. In this study, we predict the inflow of the Soyang River
dam, using the LSTM model with the Sequence-to-Sequence (LSTM-s2s) and attention mechanism (LSTM-s2s with attention) that can
further improve the LSTM performance. Hourly inflow, temperature, and precipitation data from 2013 to 2020 were used to train the
model, and validate and test for evaluating the performance of the models. As a result, the LSTM-s2s with attention showed better
performance than the LSTM-s2s in general as well as in predicting a peak value. Both models captured the inflow pattern during the
peaks but detailed hourly variability is limitedly simulated. We conclude that the proposed LSTM-s2s with attention can improve inflow
forecasting despite its limits in hourly prediction.
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Fig. 1. Conceptual diagram of the LSTM-based s2s model with m time step input and n time step output reproduced from xiang (Xiang et a/, 2020)
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Fig. 2. Conceptual diagram of the LSTM-Attention model with m time step input and t time step output
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Fig. 3. Study area of this study; Soyang River dam watershed
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Fig. 4. R%, RRMSE, CC, NSE, and PBIAS evaluation results for each input sequence and prediction hour from the LSTM-s2s and LSTM-s2s with

attention added



J. Lee et al. / Journal of Korea Water Resources Association 55(7) 495-504 501

Table 1. Summary of evaluation result for 8h input sequence and prediction hour from the LSTM-s2s and LSTM-s2s with attention added

Prediction hour 2 4 6 8 10 12 14 16 18
R2 0.8210 0.8063 0.7727 0.7384 0.7088 0.6722 0.6485 0.6229 0.5971
RRMSE 0.5635 0.5934 0.6161 0.7069 0.7247 0.8037 0.8424 0.8724 0.9597
LSTM-s2s CcC 0.9061 0.8979 0.8790 0.8593 0.8419 0.8199 0.8053 0.7893 0.7727
NSE 0.7957 0.7805 0.7517 0.7110 0.6840 0.6487 0.6262 0.6014 0.5715
PBIAS 18.0602 | 14.8025 | 20.9417 | 24.7348 | 24.2916 | 27.8316 | 26.2768 | 30.4381 | 25.9429
R2 0.8160 0.7972 0.7703 0.7278 0.7034 0.6807 0.6427 0.6183 0.5989
RRMSE 0.5507 | 0.51445 | 0.54513 0.5797 0.6509 0.6630 0.7304 0.7703 0.9158
wIth}S\EIt\t/le-rjtzif)n cC 0.9033 0.8929 0.8776 0.8531 0.8387 0.8251 0.8017 0.7863 0.7739
NSE 0.7849 0.7864 0.7671 0.7193 0.6910 0.6784 0.6347 0.6043 0.5878
PBIAS 32.0548 | 12.9087 4.5878 5.4154 | 22.3637 2.0472 | 14.0161 18.9391 11.9069
20 22 24 28 32 36 40 44 48
R2 0.5757 0.5507 0.5320 0.5103 0.4677 0.4129 0.3865 0.3692 0.3571
RRMSE 0.9893 1.0543 1.1182 1.2118 1.3380 1.3317 1.4048 1.4621 1.5771
LSTM-s2s CcC 0.7588 0.7421 0.7293 0.7142 0.6839 0.6416 0.6205 0.6069 0.5971
NSE 0.5471 0.5216 0.5031 0.4767 0.4284 0.3733 0.3498 0.3237 03174
PBIAS 29.5873 | 29.5622 | 29.4663 | 31.9810 | 34.9625 | 32.6753 | 33.7879 | 32.7152 | 37.7129
R2 0.5828 0.5572 0.5440 0.5005 0.4752 0.4443 0.4241 0.3933 0.3794
RRMSE 0.8993 09113 0.9710 1.0920 1.1340 1.1939 1.3025 1.2790 1.4374
wIth}S\EIt\t/le-rjtzif)n cC 0.7634 0.7465 0.7376 0.7075 0.6894 0.6666 0.6512 0.6270 0.6160
NSE 0.5710 0.5511 0.5298 0.4766 0.4580 0.4295 0.3999 0.3801 0.3464
PBIAS 13.9986 | 15.0965 | 18.6970 | 20.2581 14.5638 | 17.0737 | 19.4767 | 22.5028 | 39.3444

S A|EL Dol doj 4
Atk R?O] Hf-olli= &3 Al LTE 284
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NSECIAE 4} 2|4 ol AlZH(prediction hour)7F 25}

o} whEbA] B2 S48 Hol7] 9= PBIASE Sofl 4138 At
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7RI Z& & 4= Sl o] 2gh A= = dlo]57 dol H 2
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o] W2 2|7} AlSHH context vector= AEE H=s2sHEH
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Fo| A= LSTM-s2s 227} attention= A 715 2 d
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20199712020 7+ Aol 7 Frd ol Botd F AIS
AEl5HeTE 2019 07 25 - 084 02Y(Fig. 5(a)), 2020
08 01 - 08 09 (Fig. 5(b)) 717kt

T 9olEF S Eaf 20190 AL F BEl miE Al

AT N55h 2ohA T, 20200l 25 R HAH
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