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Abstract: Power load forecasting is very important to the safe and stable operation of the power system. The existing forecasting
algorithms are lacking in the optimization of accuracy and stability. Here, a power load forecasting model based on NGO-VMD-
FCBF-Informer is proposed. In order to improve the stationarity of the original data, the VMD algorithm is used to decompose the
original data, and the NGO algorithm is used to optimize the two parameters of the VMD s IMF components and penalty factor.
Aiming at the problem that the power load forecast is affected by many uncertain factors such as temperature and electricity price,
the FCBF algorithm is used to screen out the characteristic information with high correlation degree as the input information. Finally,
the Informer network is used to predict each IMF component separately, and the prediction result of each IMF component is
reconstructed and superimposed to obtain the final prediction result. At the same time, the model is compared with other prediction
models. The experimental results show that the mean absolute error, mean absolute percentage error and root mean square error of
the model are lower than the listed prediction models, which can effectively improve the accuracy of power load.
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Tab. 2 Performance evaluation indexes of different combination

models
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Fig. 3 Results of different combination prediction models
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Tab. 3 Performance evaluation indexes of different models

o MAE ~ MAPE/ %  RMSE

AR SR 48.21 0.58 59.48
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Fig. 4 Different models predict results
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