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Abstract: Power load exhibits characteristics of temporal and spatial variation and is affected by various factors.
In short-term load forecasting, an excessive number of input features can cause dimensionality disasters and lead
to poor model prediction performance. Therefore, selecting a reasonable input feature set is crucial. This article
proposes a novel feature selection method for short-term load forecasting - the mRMR-IPSO two-stage method.
The max-relevance and min-redundancy (mRMR) criterion is employed to rank the original features, considering
both the correlation between input and output features and the redundancy among input features. This process
filters out less impactful features ranked lower and initially selects these significantly influencing the prediction.
Then, an improved particle swarm optimization (IPSO) algorithm-based search strategy is adopted. The prediction
accuracy of the LightGBM model is used as the fitness function during the search, facilitating the selection of
primary feature subsets and obtaining optimal feature subsets. Calculation examples show that the proposed

method improves prediction accuracy while substantially reducing the original feature set.
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Fig.2 Flowchart of feature selection based on improved PSO
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Fig. 8 Weekly forecast results and errors based on mRMR-IPSO
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Fig. 9 Comparison of monthly forecast accuracy based on different feature selection methods
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Table 4 Forecast results of hybrid

HIEEER & o i 4% B2 A F & oL 4 BE
R E B E E, ol % E e/ MW R E 2E 37 E, 0l % E s/ MW
MI RFE 2.94 376.433 ReliefF RFE 2.18 295.497
MI SFS 2.59 346.995 ReliefF SFS 2.15 291.863
MI IPSO 2.58 342.238 ReliefF IPSO 2.13 288.268
PCC RFE 2.85 371.314 mRMR RFE 2.13 282.264
PCC SFS 2.65 357.209 mRMR SFS 2.04 268.231
PCC IPSO 2.69 356.364 mRMR IPSO 1.99 265.956
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Table 5 Forecast results of different models

BB RRAE R E\ ol % E i/ MW o 5L 7Y FRIE T £ ik E\ ol % E e/ MW
DBN mRMR 2.72 335.677 RF mRMR-IPSO 227 304.124
DBN mRMR-SFS 3.13 383.100 LightGBM mRMR 2.15 285.101
DBN mRMR-IPSO 2.41 312.145 LightGBM mRMR-SFS 2.04 268.231
RF mRMR 2.42 322.502 LightGBM mRMR-IPSO 1.99 265.956
RF mRMR-SFS 2.36 314.450
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