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Fig. 1  Principle of 1D convolutional neural network
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Fig. 3 Diagram of the Self  Attention mechanism
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Fig. 4 Experimental results of VMD
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Table 1  Quantification of model performance evaluation indicators
LY MAE RMSE MAPE/% R
VMD-BiLSTM-MultConv-SelfAttention 0.14 0.21 220.77 0.94
VMD-LSTM-Multi-SelfAttention 0.15 0.22 194.02 0.94
VMD-LSTM 0.17 0.25 284.99 0.92
EMD-LSTM-MultiConv-SelfAttention 0.23 0.35 319.84 0.86
LSTM-MultiConv-SelfAttention 0.21 0.32 187.82 0.89
VMD-LSTM-MultConv-SelfAttention (4% 3¢ /7 #5) 0.13 0.20 167.89 0.95
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Table 2 Seasonal performance evaluation

A by R’ MAE RMSE
3 0.96 0.10 0.19
6 0.95 0.13 0.19
9 0.96 0.10 0.19
12 0.94 0.09 0.13
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Table 3 Cross-regional generalization performance
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Table 4  Cross-energy type performance

A& S MAE RMSE MAPE R
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RESEARCH ON ULTRA SHORT TERM WIND POWER
FORECASTING BASED ON VMD-LSTM-MULTICONV-SELFATTENTION

Ren Haoqin', Lian Weichang®, Qi Fengwu’, Wang Limin', Zhao Shuhan', Liu Guangchen'
(1. School of Mathematics and Statistics , Ludong University , Yantai 264025, China;
2. School of Information and Electrical Engineering , Ludong University, Yantai 264025, China;
3. School of Hydraulic and Civil Engineering , Ludong University , Yantai 264025, China)

Abstract: To enhance the accuracy of ultra-short-term wind power forecasting and support efficient power system dispatch, this study
proposes an integrated multi-algorithm forecasting model. The variational mode decomposition (VMD) is firstly applied to suppress noise
and reconstruct the original power sequence. In the modeling stage, a long short-term memory (LSTM) network is adopted to capture
temporal dependencies, followed by a multi-layer convolutional neural network (CNN) to extract local features. A Self Attention
mechanism is further incorporated to dynamically focus on critical time steps, resulting in a collaborative multi-module forecasting
framework. To evaluate the performance of the proposed model, ablation studies, comparative experiments, and seasonal transfer tests
were conducted using data from a wind farm in Shandong Province, China. The results show that, compared to baseline models, the
proposed model reduces the mean absolute error (MAE) by 23.5% and the root mean square error (RMSE) by 20%, highlighting the
advantages of each module in modeling complex temporal patterns. Additional validations in cross-regional (wind farms in Central and
Western China) and cross-energy (photovoltaic plants) scenarios further demonstrate the model s strong generalization capability.

Keywords: convolutional neural network; Self-Attention mechanism; wind power prediction; gradient boosting regression algorithm;

variational mode decomposition; wind power



