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Fig 1 The architecture of hydrological combmned forecasting
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R esearch on applications of data analysis technology to
hydrological canbined forecasting

ZHANG Chi, ZHOU Huicheng LI Wei TANG Guo-ki

( SchoolofCiviland Hydraul Eng, DalianUni of Technol, Dalian 116024 China )

Abstract H ydrological can bined forecasting is am ethod giving summ ary and analysis to different
forecasting results produced by differentpredicationmodels A m ng at the tw o situatbns-abundance
or lack of history flood data the combmned forecasting models separately based on m ulti-ob jective
fuzzy optim ization theory and Bayesian analysis theory are proposed correspondingly. T he fom er
m odel ntroduces mulitobjective fuzzy optim izatbn theory to find out optin al relatve m enbership
degree of each pro pction on sam e precision at different discharges and then by means of weghted
average to confim the optin al forecastng result the latier model is based on Bayesian theory,
can bined w ith experts/ experiences M CM C smulation, G ibbs sampling and real-tine auto—tunng
technology. Takng the drainage area of Nenjiang for instance the precision of the w o integrated
modelsw as tested and the result indicates that the established m odels are available and practical

w ith higher precision than that of any singlem odel

Keywords hydrological com bned forecasting; fuzzy optim ization, Bayesian analysis



