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Abstract: In the context of new energy era, aimed at the hot issue of the impact of electric vehicle charging loads
on power grid, a short-term charging load forecasting method for electric vehicles based on a combined long short-term
memory network and graph neura network (LSTM-GNN) model is proposed to address the shortcomings of existing
models. Firgt, three typical daily loads are correlated using the Copula theory, afeature input matrix containing the main
factors and historical loads of charging stations is constructed, and a sliding window data set is established. Second,
LSTM and GNN are used for feature extraction and graph data construction of the feature input matrix, and the GNN
layer completes the feature aggregation and outputs the predicted load value and error evaluation indexes. The results of
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an example show that the proposed model can effectively
extract the key features of charging load at charging
stations in different regions, and it has better forecasting
performance and generalization capability than traditional
models.
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