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Abstract: To address the limitations in characterizing spatial correlations and modeling temporal dependencies in ultra-short-term multi-step
power forecasting for wind turbine clusters, a wind farm power forecasting method based on a spatiotemporal-aware graph convolutional
attention network is proposed. Considering the irregular spatial distribution of wind turbines, a spatial dynamic graph convolutional network
is constructed within the spatial information extraction module, and a spatial attention mechanism is introduced to dynamically adjust the
weights of the graph adjacency matrix, thereby adaptively capturing inter-turbine spatial correlations under varying operating conditions. In
the temporal information extraction module, a temporally aware self-attention mechanism is designed by integrating local temporal trend
information with global dependency relationships, which enhances the modeling capability for power fluctuation characteristics. On this
basis, a spatiotemporal collaborative forecasting framework is established to achieve joint ultra-short-term multi-step power prediction for
wind turbine clusters. Comparative experiments and ablation studies are conducted using real SCADA data from 33 wind turbines at a wind
farm in Chengde, Hebei province. Experimental results demonstrate that the proposed model consistently outperforms GRU, LSTM, and
conventional Transformer models across different forecasting horizons. These findings verify the effectiveness of the proposed method in
extracting spatiotemporal correlation features of wind turbine clusters and provide technical support for wind farm operation and dispatch.
Keywords: wind power prediction; attention mechanism; cluster prediction; graph convolutional network; transformer; spatiotemporal
correlation
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Tab. 1 R® values for different prediction models at various prediction intervals
RZ
8] %/ min
GRU LSTM Transformer TpTransformer STTransformer
5 0.703 0.700 0.704 0. 851 0.893
10 0.703 0. 700 0. 696 0. 807 0. 842
15 0.703 0. 700 0. 690 0.777 0. 807
20 0.703 0. 699 0. 684 0.749 0.776
25 0.703 0. 699 0.678 0.722 0.746
30 0.704 0. 699 0.674 0. 691 0.704
-1 0.703 0. 700 0. 688 0. 766 0.795
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