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Abstract: To improve the accuracy of ten-day runoff forecasting and provide risk information for reservoir
operation, this paper constructs a ten-day scale ensemble forecasting scheme that includes Support Vector
Regression (SVR), XGBoost, and Back Propagation Neural Network (BPNN). The Vine-Copula function is
introduced into the Multi-Model Conditional Processor (MMCP) ensemble forecasting method, proposing the
VCMMCP method. This method derives the posterior distribution function of the forecasted variable under
multi-model forecasted flow conditions. The VCMMCP method is applied to runoff forecasting at the Shigu,
Xiangjiaba, and Yichang hydrological stations in the upper reaches of the Yangtze River. The results show that
the SVR and BPNN models slightly outperform the XGBoost model in ten-day runoff forecasting accuracy at

the three stations. The VCMMCP method effectively corrects member forecast errors, reducing the absolute
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value of the RE indicator to within 2.5% and the MAE indicator by an average of more than 7.8%.

Additionally, ensemble probabilistic forecasting can reasonably quantify forecast uncertainty, obtaining a

forecast distribution closer to the true situation of the forecasted variable, providing reliable risk information for

reservoir operation plans such as power generation and water supply.
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Table 2 Multi-model forecast accuracy evaluation
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Fig.1 Scatter plot of multisite ten-day forecast flow versus observed flow (R,*> and R,? are the coefficients of determination

for the training and validation periods, respectively)
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Fig. 3 Ensemble probabilistic forecast intervals for ten-day runoff at Shigu, Xiangjiaba, and Yichang stations
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