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Ultra-short-term power prediction based on VMD-TCN-BIGRU
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(1. School of Electronic, Electrical and Physics, Fujian University of Technology, Fuzhou 350118, China;

2. Technical Development Base of Industrial Integration Automation of Fujian Province, Fuzhou 350118, China)

Abstract ; To improve the accuracy of ultra—short—term power prediction in power systems, a prediction model
is proposed based on variational mode decomposition ( VMD) and temporal convolutional network-bidirectional
eated recurrent unit (TCN-BiGRU). The grey wolf optimizer (GWO) is used to optimize the number of modes
and the penalty factor of VMD, aiming to enhance the quality of signal decomposition and reduce noise
interference. The decomposed modes and the feature vectors extracted based on the Pearson correlation
coefficient are input into the TCN-BiGRU model to extract short-term and long-term dependence features of
time series, thereby improving the prediction accuracy. Experimental results show that the prediction accuracy
of this model reaches 99.144% , which is superior to that of traditional single models and other combined
models. It has stronger adaptability in dealing with nonlinear and volatile data and has lower prediction error.
Keywords: grey wolf optimizer (GWO ) ; variational mode decomposition ( VMD) ; temporal convolutional
network (TCN) ; bidirectional gated recurrent unit( BGRU)
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Tab.3 Error metrics of single models
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