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Abstract: Short-term load forecasting in power systems is challenging due to its strong volatility and high
randomness. A short-term power load prediction method based on multi-model fusion was proposed, specifically
the WTCN-BiGRU-Attention-CatBoost approach. The original load data was decomposed using variational mode
decomposition (VMD) to extract its intrinsic modal components, effectively mitigating data non-stationarity. The
decomposed data was then fed into the WTCN-BiGRU-Attention neural network, the network hyperparameters
were optimized using an improved whale optimization algorithm, followed by parallel integration with the
CatBoost regression model. Subsequently, the MAPE-RW fusion algorithm was introduced to search for fusion
weights, establishing the optimal fusion strategy and generating the final output. Simulation results show that the
proposed fusion model achieves MAPE and RMSE values of 0.625 5% and 72.654 MW, respectively, both
significantly lower than those of single models, indicating its superior short-term generalization capability and
interference resistance.

Key words: short-term load forecasting; variational mode decomposition (VMD) method; wavelet temporal

convolutional network (WTCN) deep learning architecture ; whale optimization algorithm; CatBoost algorithm
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Tab.3  WTCN-BiGRU-Attention network optimal hyperparameters
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FLgkARUEr 38 26 61 70 89
ik RN 72 19 72 37 22
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Tab.5 Model test set total predictive evaluation indicators

RMSE ~ MAPE — MAE
IMW 1% IMW

WTCN-BiGRU-A 108.532  0.862  75.137  0.964

IWOA-WTCN-BiGRU-A  113.386  0.929  84.479  0.975

CatBoost 87.826 0719 6628  0.984

AL A A 72.654  0.6255 5570  0.995
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Fig.7 Load forecasting results of one day
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Tab.6  MAPE model predictive evaluation indicators

A owrenBicRU-A O VTN Boost Ak
BiGRU-A
1 0.945 0.783 0.733  0.636
2 0.854 0.815 0.666 0.553
3 0.739 0.765 0.649 0.545
4 0.959 0.856 0924 0716
5 0.865 1.058 0.753 0.636
6 0.776 1.123 0.613  0.653
7 0.830 1.037 0.653  0.645
8 0.852 1.259 0.673 0.718
9 0.830 1.079 0.634  0.674
10 0.877 0.849 0.843 0.617
11 0.895 0.766 0.753  0.568
12 0.921 0.766 0.735  0.545
R7T MAEBEEBITNIEIR
Tab.7 MAE model predictive evaluation indicators
A oWIONBiGRU-A o TN oo A
BiGRU-A
1 83.71 72.51 68.97 60.53
2 78.32 76.75 59.45 52.95
3 63.27 66.75 64.75 42.52
4 78.41 73.43 74.75 60.26
5 72.51 94.64 67.85 60.01
6 74.35 105.42 65.85 61.47
7 75.65 103.63 67.85 56.74
8 81.43 123.53 63.85 70.12
9 73.53 99.78 64.85 64.46
10 74.53 69.25 65.87 50.74
11 73.53 64.52 65.57 43.52
12 72.41 63.54 65.75 45.02
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