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Abstract

The objective of this study is to analyze uncertainties of ensemble-based streamflow prediction method for model parameters and input
data. ESP (Ensemble Streamflow Prediction) and BAYES-ESP (Bayesian-ESP) based on ABCD rainfall-runoff model were selected as
streamflow prediction method. GLUE (Generalized Likelihood Uncertainty Estimation) was applied for the analysis of parameter
uncertainty. The analysis of input uncertainty was performed according to the duration of meteorological scenarios for ESP. The result
showed that parameter uncertainty was much more significant than input uncertainty for the ensemble-based streamflow prediction. It
also indicated that the duration of observed meteorological data was appropriate to using more than 20 years. And the BAYES-ESP was
effective to reduce uncertainty of ESP method. It is concluded that this analysis is meaningful for elaborating characteristics of ESP
method and error factors of ensemble-based streamflow prediction method.
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Fig. 6. Uncertainty intervals of ESP and BAYES-ESP for the parameter sets
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Table 1. Statistics of ESP and BAYES-ESP for the model parameter uncertainty
Lead time
Statistics Method
1 mon. 2 mon. 3 mon.
BAYES-ESP 0.36 0.58 0.57
R-factor
ESP 1.58 1.55 1.52
BAYES-ESP 0.12 0.15 0.19
P-factor
ESP 0.80 0.73 0.69
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Fig. 7. Uncertainty intervals of ESP and BAYES-ESP for the input data set
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Statistics Method Lead time
1 mon. 2 mon. 3 mon.
BAYES-ESP (05) 0.41 0.50 0.49
BAYES-ESP (10) 0.36 0.58 0.57
BAYES-ESP (15) 0.31 0.60 0.60
BAYES-ESP (20) 0.29 0.59 0.63
BAYES-ESP (25) 0.27 0.58 0.65
R-factor BAYES-ESP (30) 0.25 0.57 0.68
ESP (05) 0.89 0.92 0.94
ESP (10) 0.63 0.66 0.67
ESP (15) 0.51 0.53 0.55
ESP (20) 0.45 0.47 0.48
ESP (25) 0.41 0.42 0.43
ESP (30) 0.37 0.39 0.39
BAYES-ESP (05) 0.12 0.14 0.16
BAYES-ESP (10) 0.12 0.15 0.19
BAYES-ESP (15) 0.12 0.15 0.23
BAYES-ESP (20) 0.12 0.17 0.22
BAYES-ESP (25) 0.11 0.14 0.22
P_factor BAYES-ESP (30) 0.11 0.14 0.23
ESP (05) 0.48 0.49 0.52
ESP (10) 0.36 0.41 0.41
ESP (15) 0.33 0.36 0.38
ESP (20) 0.30 0.35 0.33
ESP (25) 0.25 0.32 0.30
ESP (30) 0.22 0.28 0.27
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