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Short-term load forecasting method based on VMD and aucxiliary task learning
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Abstract: The strong volatility and randomness of load during peak hours significantly affect the accuracy of traditional
methods in load forecasting. To address the issue, this paper proposes a short-term load forecasting method based on
variational mode decomposition (VMD) and auxiliary task learning. First, using the Spearman rank correlation coefficient
method, meteorological features that have a strong correlation with the original load are determined. Subsequently, the
VMD algorithm is used to successively separate the low-frequency trends and high-frequency fluctuations in the original
load sequence. They are then combined with relevant meteorological data to be used as auxiliary task training data input
into the CNN-BiGRU hybrid prediction model. By sharing features and employing a cross-task attention mechanism, the
impact of strong load fluctuations on load prediction is reduced, ultimately achieving accurate predictions of the original
load. Finally, simulation verification is conducted using load data from a specific region in southern China over the past
three years. Results demonstrate that the proposed method effectively reduces the influence of strong volatility and
randomness of load during peak hours on the forecasting model, thereby enhancing the accuracy of load forecasting.
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Table 1 Forecasting errors of five models under different feature quantity selections

RERY FRE S RMSE/MW MAE/MW MAPE/%
1 23.256 18.089 3.093
2 20.535 15.024 2.498
BiGRU
3 22.127 17.030 2.865
4 22.164 16.382 2.702
1 19.681 14.324 2.405
2 19.208 13.735 2.283
CNN-BiGRU
3 23.788 16.753 2.761
4 21.264 15.701 2.642
1 19.426 15.273 2.854
2 18.329 12.752 2.178
SATL-BiGRU
3 20.020 16.198 2.568
4 19.579 15.384 2.679
1 14.511 11.403 1.983
2 14.490 11.473 2.003
SATL-CNN-BiGRU
3 13.341 9.706 1.619
4 14.737 11.269 1.949
1 12.645 9.094 1.502
2 13.376 10.435 1.805
DATL-CNN-BiGRU
3 13.528 10.263 1.750
4 13.307 10.123 1716
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Table 2 Load forecasting errors under different modal quantity settings

Ay I3 AR A RMSE/MW MAE/MW MAPE/%

2 15.593 10.348 2.625

3 19.248 14.947 3.158

SATL-BiGRU 4 19.548 15.586 3.327

5 18.154 13.325 2.942

6 18.325 15.158 3.624

2 10.037 7.753 1.362

3 15.040 11.818 2.059

SATL-CNN-BiGRU 4 15.091 11.489 1.939
5 14.560 10.734 1.797

6 14331 11.446 1.987

2 4.875 3.827 0.685

3 9.940 7.584 1.320

DATL-CNN-BiGRU 4 13.377 10.450 1.802
5 11.972 8.844 1.503

6 12.891 9.102 1.504
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Table 3 Load forecasting errors under different length dataset settings

iy AR E R RMSE/MW MAE/MW MAPE/% /s
7 36.337 28.089 4598 43.008
15 20.280 14.682 2.458 196.847
BiGRU 30 16.989 12.364 2.103 200.216
60 17.165 12.344 2.061 482.492
81 15.967 11.587 1.937 502.570
7 34.296 27512 4.610 42.144
15 19.938 14711 2.464 213.629
CNN-BiGRU 30 17.255 12.412 2.089 265.534
60 16.835 12.194 2.026 567.782
81 15.439 11.405 1.927 705.016
7 36.749 28.578 4.692 87.465
15 10.052 7.889 1.024 413372
SATL-BiGRU 30 4673 4813 1.503 428251
60 4.532 4.639 1.377 1014.681
81 5.291 5.707 1.496 1152.382
7 34.581 27.714 4815 80.633
15 8.128 5.765 0.925 434.198
SATL-CNN-BiGRU 30 3.549 3.615 0.569 530.322
60 3.454 3.259 0.477 1162.267
81 4389 4.826 0.506 1403.264
7 35.689 27.721 4541 122.150
15 5.226 3.905 0.696 622.359
DATL-CNN-BiGRU 30 2912 2267 0.389 789.862
60 2.362 1.891 0.325 1715.909
81 2.457 1.927 0.339 2109.056
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