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Abstract: Aiming at the problem that traditional prediction models struggle to simultaneously capture global and
local features of multifeature load data, a hybrid prediction model based on sparrow search algorithm (SSA)-
optimized variational mode decomposition (VMD) and improved squeeze and excitation (ISE) module, and temporal
convolutional network (TCN) and Pyraformer was proposed. First, the SSA was employed to optimize VMD
parameters, decomposing the highly oscillatory dynamic load sequence into multiple stationary modal components,
thereby reducing the non-stationarity of the original data. Then, the obtained intrinsic mode functions was input into
the TCN model to capture the local features of the data, while the ISE module adaptively assigned appropriate
weights to the extracted features, thereby reducing the impact of redundant information on the prediction results.
Finally, the weighted data was fed into the Pyraformer model to capture the global features and generated the final
prediction results.To validate the mode’s performance, real-world power load datasets from two regions were used

for simulation experiments. The results show that in both cases, the proposed model achieves the coefficients of
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determination is 0.9949 and 0.984 2, respectively, outperforming other comparative models. This verifies the

proposed model’s superiority in simultaneously capture global and local features of multifeature load data,

demonstrating higher prediction accuracy and stability.

Keywords: short-term power load forecasting; temporal convolutional network; Pyraformer; ISE module; variational

mode decomposition; sparrow search algorithm; pyramidal attention model
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Tab.3 IMF aggregation scheme and corresponding SE

calculation results
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Tab.4 Prediction error indicators for the 3 decomposition
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Fig. 13 Prediction results of of five models for case 1
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Tab.5 Prediction error metrics of five models for case 1

H Y MAE/MW RMSEMW R’
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A LAY
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Tab. 6 Hyperparameter optimization ranges and optimal

values for case 2
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Fig. 14 Prediction results of of five models for case 2
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Tab.7 Prediction error metrics of five models for case 2

fE MAE/MW RMSEMW R’
VMD-LSTM 54.6295 662327 0.907 1
SVM 143298 1 167.7249 0.404 3
VMD-CNN-LSTM 433154  52.0258 0.9427
VMD-Transformer—BiLSTM 259815  32.7149 0.9773
A S Y 23.0579 272803 0.9842
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