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Abstract

Abstract: Broad learning system(BLS) is introduced to tackle the existed disadvantage that LSTM-based
runoff prediction model is easy to fall into local optimization. To reduce the influence of noise on the
prediction results, the variational mode decomposition (VMD) is adopted to transform the
onedimensional time-domain runoff signal to the two-dimensional time-frequency plane. The runoff
prediction model based on VMD-LSTM-BLS is proposed. The simulation results demonstrate that the
prediction accuracy of the new model is more significantly improved compared with the baseline model
and the existing LSTM-based runoff prediction model.
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