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Abstract: Accurate short-term load forecasting ( STLF) is crucial for the safe and stable operation and dispatching of power grids.
However, as short-term load data typically exhibits non-stationary characteristics such as strong volatility and high-frequency noise,
traditional models struggle to deeply mine their underlying time-series patterns, resulting in low prediction accuracy. To address this issue,
a ( VMD-AWPSO-BILSTM ) prediction model combining adaptive weight particle swarm optimisation ( AWPSO ), variational mode
decomposition (VMD) and bi-directional Long short-term memory ( BiLSTM) is proposed. The method optimizes VMD parameters
through AWPSO to perform mode decomposition on the load data, thereby reducing data volatility. Subsequently, the BiLSTM model is
utilized to accurately predict each mode component, effectively minimizing the impact of noise on the predictions. In the experiments,
electricity consumption data from Belgium, spanning from January 1, 2015, to December 31, 2023, was used as the dataset, and the load
predictions for a week and a day were tested. The results show that compared with other traditional methods, the optimal value of root mean
square error (RMSE) of the VMD-AWPSO-BIiLSTM proposed in this paper is improved by 73. 67% and 89.23% in the one-week and one-
day tests, respectively, which significantly improves the prediction accuracy.

Keywords: power load forecasting; particle swarm optimization; variable mode decomposition; bidirectional long short-term memory
network ; parameter optimization
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Fig. 1 Flowchart of AWPSO-optimized VMD
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Fig. 6 Test curves of ablation experiments
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Tab. 1 Ablation study results

HEHY RMSE MAE MAPE R?
BiLSTM 101.328  74.137 0.736 0.988
AWPSO-BiLSTM 100.045  73.317 0.728 0. 988
VMD-BiLSTM 38.080  28.573 0.281 0.998
VMD-AWPSO-BiLSTM ~ 26.145  20.393 0.201 0.999
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{EAH I, RMSE #2 F} T 73. 67%, MAE $2 7+ T 71. 78%,
MAPE 27} 1 71.94%, R* &7} 7 0. 011,
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Tab.2 One-week performance of different models

across various window sizes

LY wWOT RMSE MAE MAPE R?
4 158.623  128.125  1.338 0.976
LSSVM 8 188.131  160.304  1.668 0. 967
16 237.581  201.319  2.130 0.947
4 113.697  83.38 0. 861 0.988
LSTM 8 118.045  89.146  0.913 0. 987
16 119.056  90.675  0.934 0. 986
4 113.289  82.899  0.855 0.988
GRU 8 112.946  83.400  0.859 0.988
16 110.236  80.745  0.834 0.988
4 109.728  80.045  0.827 0.988
BiLSTM 8 121.517  93.531  0.963 0.986
16 125.820  97.514  0.998 0.985
VMD- 4 48.676  33.859  0.330 0.998
AWPSO- 8 45.134  38.248  0.316 0.997
BiLSTM 16 28.886  22.584  0.232 0.999
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RS HABR R S H, RMSE #2711 89. 23% , MAE ##
F+T 83.93% ,MAPE &7} T 84.15%, R* &7} 70. 066,

10 b 2% B 0 B 0 7 10— Rt 45 51 mT LU 3
LSSVM {14 F0I L 8 43 i 25 0 S 583z, iy LAt 455 784 11
o h £ 5 B S i e BN I A, Hoh VMD-AWPSO-
BiLSTM 1% Tt i £ 5 I -G 0 S {0 1 £k, 3% BH L4 A o0 47
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LSSVM 8 267.598 199.687 2.051 0.875
16 292.637 224.503 2.302 0.851

4 195.967 104.259 1.119 0.933
LSTM 8 195.496 103.723 1.105  0.933

16 193.622 100.057 1.069 0.934

4 195.465 104.403 1.121  0.933
GRU 8 195.460 101.197 1.082  0.933
16 193.773 100.212 1.069  0.934

4 196.071 104.484 1.121  0.933
BiLSTM 8 196.063 102.604 1.096  0.933
16 195.033 99.120 1.060  0.933

4 40.569 28.846 0.290  0.989
VMD-AWPSO-BiLSTM 8 36.681 23.766 0.252  0.995
16 20.863 15.920 0.168  0.999
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