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Short-term load forecasting based on an optimized VMD-mRMR-LSTM model
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(1. Xinjiang University, Urumgqi 830047, China; 2. Xinjiang Institute of Technology, Akesu 843000, China)

Abstract: With the development of smart grid technology and the advance of the power market, the complexity of power
consumption patterns has gradually become prominent. This then makes higher demands on the accuracy and stability of
short-term load forecasting. Given the lack of comprehensive consideration of time series data correlation and eigenvalues
in traditional load forecasting methods, a combined forecasting model based on optimization of variational mode
decomposition (OVMD), minimal redundancy maximal relevance (mRMR) and a long short-term memory neural
network (LSTM) is proposed. First, the load sequence with high fluctuation is decomposed into a group of relatively
stable modal components, in which the parameter of VMD is optimized by a sparrow intelligent algorithm. Secondly, the
mRMR method is used to analyze the correlation between each modal component and the input feature set elements of the
prediction model, obtain the optimal input feature set of each prediction model, and introduce the real-time electricity
price into the load impact factor analysis. Finally, the LSTM method with different structural parameters is used to predict
each component separately, and the predicted results are superimposed to obtain the final predicted value. An example is
given to analyze the actual operational data of Australia, and compared with the conventional load forecasting method, the
validity of the method is verified.
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Fig. 1 OVMD-mRMR-LSTM combined prediction model
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Fig. 3 Prediction results of each component
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Fig. 4 Prediction results of different combination methods

X RN DAy TR 25 R %4> IMF - BEFIUII 45 2R
&I, A 3.2 94340 IMF, 73 B US55 5 F i
WS ZR ORISR, PRI AE TN (g A\ 24
I WREEIRER,  RESE S T 1 TS L

% 3 TREE T EMIRERR

Table 3 Error index of different combination methods

o 75 v E s/ MW Eyape/%
ARSIk 116.88 0.95
mRMR-LSTM 255.09 1.88
OVMD-LSTM 36731 2.15
LSTM 576.04 3.75
WA T 182.97 1.64
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Attached Table 1 Best input feature set of IMF1-IMF4 components
(g FHERE ML
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IMF, Lt-48, Lt-336, Lt-168, Lt-342, Lt-49, Hourt, Lt-337, Lt-71, Lt-120, Lt-73, Lt-144, Lt-72 12
IMF; Lt-336, Lt-48, Lt-144, Lt-337 4
IMF, Lt-48, Lt-336 2
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