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Multivariate runoff prediction model based on DeepTCN and dynamic feature extraction//Gao Jiajia', Chen
Baicheng®, Chen Yuechao®, Zhang Qing®, Zhao Li*( 1. School of Software, Henan Polytechnic University; 2. School of
Resources and Environment, Henan Polytechnic University; 3. School of Emergency Management, Henan Polytechnic
University)

Abstract: To capture the dynamic variation laws of hydrological processes and improve runoff prediction accuracy, by
combining three kinds of correlation analysis with covariance analysis, we systematically analyzed the correlation
characteristics between different meteorological variables and runoff, dynamically extracted high-contribution features for
runoff prediction and optimized their weights. Then, based on the deep temporal convolutional network ( DeepTCN) , a p-
DeepTCN model for multi-feature runoff prediction was constructed to capture both the long-term dependencies and short-
term fluctuations in runoff sequence. The measured data of the Atsuma River Basin in Hokkaido from 2015 to 2020 were
used to verify the p-DeepTCN model, and the results show that the p-DeepTCN model achieves the optimal prediction
performance compared with other deep learning models. Specifically, the Nash-Sutcliffe efficiency coefficient of the p-
DeepTCN model is increased by 28.48% , and the root mean square error is reduced by 27. 63%. Although its percent bias
is 23.34% higher than that of the WPMixer model, it is 17. 44% lower than that of the other deep learning models.
Meanwhile, although its coefficient of determination is 0. 011 lower than that of the original DeepTCN model, it is 10. 17%
higher than that of other deep learning models. In summary, the p-DeepTCN model significantly improves the accuracy of
runoff prediction, and exhibits superior adaptability and robustness.

Key words: runoff prediction; DeepTCN; multi-feature prediction; dynamic feature extraction; the Atsuma River Basin
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Table 1 Comparison of model performance

i NSE R*  PB/%  RMSE/(m’/s)
TCN 0.288 0.816  20.41 1. 360
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Transformer 0.086 0.705 5. 66 1.532
WPMixer 0.615 0.786 1.88 1.001
MultiPatchFormer 0. 608  0.784 3.01 1.009
DeepTCN 0.367 0.910 26.74 1.282
p-DeepTCN 0.803  0.899 2.32 0.715
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IR RE, FLHZ T, p-DeepTCN #5170 3 3 45 5 119
FazE e, 22 Kol 8 B, NSE 1528 0. 8135 25 KM 1
W 8 i, PB {HAYM 2. 32%4 % 6. 24% , RMSE M
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Table 2 Evaluation indicators of prediction results

under different step lengths

Y PN NSE R? PB/% RMSE/(m®/s)

1 0.367 0.910 26.74 1.282

2 0.395 0.958 44.44 1.899

DeepTCN 4 -1.691 0.935 61.86 2.628
6 -2.651 0.895 71.36 3.049

8  -3.932  0.857 82.46 3.533

1 0.803 0.899  2.32 0.715

2 0.865 0.944  3.53 0.590

p-DeepTCN 4 0.819 0.925  4.56 0. 681
6 0.776  0.904  4.95 0.755

8 0.813 0.945  6.24 0. 690
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AR TR 22 FEMELR I, A KON 1 3 &
8 B, FEALI 0. 09 m’/s T34 2 0. 26 m*/s, BoilE T
BERUESR (1) 222 sh A T m A 1T ae 1 @k 2 2 <R
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A TR S 800 /INE BN S A
SR AN F AR S LA R A AR, sz i 7t
A /NRY R AR 22 R (B TR SAE
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Fig.4 Residual histogram with different step lengths
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