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Hydrological multi- model forecast based on Bayesian Theory
ZHOU Zheng, YE At zhong, MA Feng, DU Chao
(College of Global Change and Earth System Science, Beijing Normal University, Beijing 100875, China)

Abstract: H ydrological forecast is very important for flood control, drought resistance and water resources regulation. It is usuak

ly based on model simulation. Each hydrological model has its own characteristics and feasible basin. Multr model hydrological

forecast is one of the effective methods to reduce the forecasting uncertainty. This paper chose three commonly used hydrologt

cal models: time- variant gain hydrological model, Xin anjiang model, and Sacramento model. The case study was on Feilaixia

basin of Pearl River. T he three hydrological models were used for independent simulation with the same input and initial value.

Then, BM A and SM A were run on the three models results. The research results show that the BM A results are bett er than the

results from single model simulation.
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Fig. 1 Location of Feilaixia basin
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Tab.1 Description of the common verificaation measures used in the study
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Tab.2 Comparison of the model simulation

T I B R NSE NSEp NSE; rBias RMSE
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2
Fig. 2 T hedaily hydrograph of different models in calibration period

3
Fig.3 The daily hydrograph of different models in validation period
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Fig.4 4Daily average discharge com parison among

multr modelsduring validation period
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