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Research on runoff prediction model based on variational mode decomposition

and gravity search
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Abstract: For the small data volume, highly non-linear and non-stationary characteristics of
monthly runoff data, a combined prediction model based on variational mode decomposition
(VMD), gravitational search algorithm (GSA) and support vector regression machine (SVR) is
proposed. Firstly, Mann-Kendall (M-K) test is carried out on monthly runoff samples to find out
break points and divide training set and test set. Then, VMD is used to decompose training set
and test set separately. Finally, training set data is trained and GSA is used to optimize the three
main parameters of SVR and to evaluate the prediction results of test set. The model is applied to
the monthly runoff forecast of Xianyang Station and Lintong Station in Weihe River Basin. The
results show that the VMD-GSA-SVR model has higher prediction accuracy and generalization a-
bility than other ones, is more consistent with the actual situation of prediction, and has better
feasibility and adaptability in the Weihe River Basin.
Key words: runoff forecast; optimization algorithm; signal decomposition; Weihe River Basin
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