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Monthly runoff prediction of Weihe River Basin based on VMD-CNN-LSTM model
BAO Yuancun, XIE Jiancang, LUO Jungang
(State Key Laboratory of Eco-hydraulics in Northwest Arid Region of China,

Xi’an University of Technology, Xi’an 710048, China)
Abstract: In order to improve the accuracy of monthly runoff prediction and to solve the influence
of the non-linearity and instability of monthly runoff on the prediction results, a VMD-CNN-
LSTM model combining variational modal decomposition (VMD) and convolution-long short-
term memory neural network (CNN-LSTM) is proposed. Training and testing are carried out by
selecting the measured monthly runoff data from Zhangjiashan Station and Weijiabao Station in
the Weihe River Basin from 1960 to 2005, comparing with EMD-LSTM, EMD-CNN-LSTM,
VMD-LSTM models, selecting root mean square error (RMSE), mean absolute error (MAE)
and Nash coefficient (NSE) to evaluate the prediction results of the test set. The results show
that the VMD-CNN-LSTM model has better prediction accuracy and lower error than other mod-
els. The fitting of peaks and valleys is more accurate, providing a new way for the prediction of
monthly runoff.
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Fig. 8 VMD decomposition of monthly runoff at Zhangjiashan Station
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