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Parametric uncertainty analysis for TOPMODEL based on Bayesian theory

LIANG Zhong-min LI Bin-quan YU Zhong-bo HUA Jia-peng LIU Jin-tao
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Hohat University ~ Nanjing 210098  China

Abstract The Bayesian theory was employed to discuss uncertainties of parameter and predication of basin hydrological
models. The sensitive parameters of TOPMODEL were determined using the Monte-Carlo method. The Markov Chain
Monte-Carlo  MCMC  method was adopted to estimate the posterior distributions of these parameters. The empirical
distribution of the model forecast was estimated by running TOPMODEL with parameters sampled from the posterior
distributions . The uncertainties of model parameters and its effect on the hydrological forecast results were evaluated. The
present procedure was applied to the Misai basin providing quantitative results of uncertainties of parameters and model

forecasts.

Key words Bayesian theory TOPMODEL basin hydrological model uncertainty analysis Markov Chain Monte-Carlo





