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Comparison of artificial intelligence flood forecasting models in China’s semi-arid and semi-humid regions //
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Abstract: To investigate the applicability of different artificial intelligence ( Al) flood foresting models in China’s semi-arid
and semi-humid regions, four types of Al models including decision tree ( DT), multilayer perception ( MLP), random
forest (RF), and support vector machine (SVM) were selected to conduct hourly flood forecasting in three typical river
basins of Shaanxi Province. Statistical metrics including the coefficient of correlation, Nash-Sutcliffe efficiency, root-mean-
square error, mean absolute error and relative error are used to assess the model’s effectiveness in these typical basins for
different forecasting periods. The results show that all models can achieve good performance in the semi-humid basins for
short-term forecasting. However, the four Al models have relative lower accuracy in the semi-arid basins, and only the
SVM model can achieve satisfactory forecasting accuracy. As the forecasting lead time increases, the performance of
different models varies greatly. The SVM model is overall stable and has an obvious advantage for real-time flood forecasting
in small and medium-sized basins. Performance of the RF and DT models declines slowly with increasing forecasting lead
time, while performance of the MLP model decreases quickly with increasing lead time, showing lower stability.

Key words: flood foresting; artificial intelligence model; decision tree; multilayer perception; random forest; artificial

neural network; support vector machine
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Fig.3 Comparison between the observed and simulated flood processes over testing periods
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Table 2 Simulation results of different models in different forecasting lead times over the training periods
NSE MAE RMSE
oo el
1h 2h 3h 4h 1h 2h 3h 4h 1h 2h 3h 4h
DT 1. 00 0.96 0.95 0.90 0.04 0.52 0. 65 4.84 1.02 8.07 8.51 12.02
W MLP 0.99 0.99 0.98 1. 49 1.74 1.85 4.20 4.39 4. 81
RF 0.99 0.99 0.98 0.92 0.61 0. 68 0. 81 6.16 4.63 4.64 5.61 10. 53
SVM 0.97 0.97 0. 96 0.96 0.91 1.41 1.57 1.61 6.92 7.03 7.14 7.18
DT 1. 00 0.99 0.98 0.99 0.02 1.27 1.87 2.93 0.32 9.36 13.65 13.29
o T MLP 1. 00 0.99 0.99 0.98 1.32 1.95 2.01 4.35 4.73 8.38 8.42 17.45
e RF 1. 00 0.99 0.99 0.99 1.13 1. 84 2.21 4.11 5.59 8.59 10. 31 11. 66
SVM 0.98 0.98 0.98 0.98 2.31 2.63 2.67 2.70 13.73 14. 11 14.33 14. 35
DT 0.97 0.93 0. 85 0.85 0.48 1.76 2.61 2.79 5.71 8.83 13.22 13.26
= MLP 0.75 0.75 0.74 6. 62 6.52 6.42 16. 98 17.15 17.34
- RF 0.91 0.90 0. 87 0.85 2.86 3.20 3.55 4.37 10. 35 10. 83 12.33 13.22
SVM 0.71 0.70 0.71 0. 68 5.03 5.13 5.11 6.50 18.40 18.59 18.54 19. 47
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Table 3 Simulation results of different models in different forecasting lead times over the testing periods
NSE MAE RMSE
b, A
1h 2h 3h 4h 1h 2h 3h 4h 1h 2h 3h 4h
DT 0.98 0.98 0.98 0.74 0.62 0. 64 0. 64 4.82 2.3 2.32 2.31 8.63
' MLP 0.97 0.96 0.95 1. 09 1.34 1.58 3.07 3.25 3. 66
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e RF 0.96 0.96 0.96 0.96 5.26 6.28 6.22 7.79 19.07 19. 88 19. 85 20. 23
SVM 0.98 0.98 0.98 0.98 3.16 3.29 3.33 3.37 13.99 13.17 13. 15 13.16
DT 0.27 0.23 0.24 0.26 5.44 5.54 5.55 5.52 14. 98 15.37 15.25 15.13
= MLP 0.53 0.53 0.52 5.65 5.40 5.03 12.02 11. 80 11. 50
" RF 0.55 0.55 0.54 0.51 5.07 5.26 5.14 5.26 11.77 11.44 11.61 12.30
SVM 0.70 0.70 0.70 0.70 3.30 3.14 3.19 3.23 9.61 9.55 9.59 9.59
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