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[ Abstract] Short-term power load forecasting plays®a crucial role in the optimal scheduling and safe operation of
power systems. Power load data exhibit ‘multiperiod characteristics, showing different patterns and trends at
various time scales. Accurately extracting thescale size helps identify and separate these features. Current methods
use a fixed patch length or a set of fixed patch lengths as steps and encode time series into segments called patches.
However, these methods canriot adapt to the complex dynamic changes in real-world load series data. Therefore,
this paper proposes a predi¢tion model based on a dynamic Multi-scale and Dual Attention Transformer (MDAT).
First, Successive VariationallMode Decomposition (SVMD) is used to separate different time patterns in the load
series, and Fast Fourier Transform (FFT) is performed to extract the significant period of each pattern.
Subsequently, based on the detected significant periods, the load series is divided into different time resolutions
using patches of varying sizes, and multiple branches of a transformer are used to simultaneously model the
dependencies of the sequences segmented at different scales. Next, dual attention is applied to these patches to
capture the global correlations and local details. Finally, nonlinear feature fusion is performed on the outputs of
each branch, and the final load prediction results are obtained by stacking multiple transformer modules.
Experimental results on two public datasets demonstrate that the proposed model performs well in terms of
prediction accuracy. Compared to the latest models based on Transformer and Multilayer Perceptron (MLP), the
Mean Absolute Error (MAE) on the Australia and Morocco datasets is reduced by 10.26%-17.06% and 9.08%-
70.25%, respectively.

[Key words] short-term load forecasting; Successive Variational Mode Decomposition (SVMD); multi-scale
features; dual attention; Transformer module
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Table 3 Component ablation experiment

TR MAE/GW  RMSE/GW  MAPE/%
MDAT 0. 350 0. 486 4.121
TR 0. 375 0.512 4. 456
T EEE S 0. 365 0.502 4.314
TCAHXS A 5 it i 0. 362 0. 499 4.259
pHERCINE LN 0. 358 0. 497 4.217
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Table 4 Periodic detection results

JESBIAS Jr k BEW/0.5 h
SVMD-FFT 48, 24, 16
FFT 48, 24
WT 190, 152, 162, 26, 22
ACF 336, 192, 144, 96, 48
PSD 48, 24
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Table 5 Comparison of predictions with
different detection results
JEV ARG 73 MAE/GW RMSE/GW MAPE/ %
SVMD-FFT 0. 350 0. 486 4. 121
FEFT 0. 356 0.492 4. 206
WT 0. 375 0.512 4. 456
ACF 0. 351 0. 488 4.103
PSD 0. 356 0. 492 4. 206
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Table 6 Comparison of prediction performance of

different models on the Australia dataset

i MAE/GW RMSE/GW MAPE/ %
MDAT 0. 350 0. 486 4. 121
PatchTST 0.393 0. 540 4. 642
MTST 0.390 0.524 4. 617
Pyraformer 0. 405 0. 550 4. 799
FEDformer 0.422 0. 552 4. 985
LightTS 0. 421 0.553 5. 050
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Fig.8 Prediction performance comparison bubble chart
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Fig.9 Comparison of prediction curves of different models on the Australia dataset
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1.031 MW.1. 678 MW I 8. 617 %, 4 Jy e A A, H:
i, MAE FRET 9. 08% ~70.25% ,RMSE T[T
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i 1M FEDformer (MEREN T LRI Z 0], R
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KT AEHERITE Morocco 3R & TR XT L

Table 7 Comparison of prediction effects of different models

on the Morocco dataset

g MAE/MW  RMSE/MW  MAPE/%
MDAT 1. 031 1.678 8.617
PatchTST 1. 237 1.813 10. 588
MTST 1.134 1.723 9. 670
Pyraformer 3.392 3.730 32. 986
FEDformer 1. 952 2.476 16. 956
LightTS 3. 466 3.715 31,705
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