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Short-term wind power group forecasting method based on graph neural networks
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Abstract: To reduce the impact of wind power fluctuations on power systems, a short-term power forecasting method for
large-scale wind farm clusters is proposed, which accounts for spatiotemporal correlation and simultaneously outputs
short-term power predictions for all wind farms. First, an evaluation index that comprehensively considers the spatial
correlation of wind speed and direction is proposed, and a graph topology structure is further established to characterize
the spatiotemporal correlation of wind farm clusters. Then, a deep residual graph attention network is constructed to mine
the spatiotemporal correlation features between multiple wind farms, preserving the valuable spatiotemporal information
embedded in the data during training. Finally, a false prediction evaluation index is proposed to assess the false prediction
components of the predicted power at the station when aggregated into cluster prediction power, making a fairer
evaluation of cluster prediction results. Experiments are conducted using a cluster composed of 20 wind farms in Jilin
province, China. Results show that the proposed wind power forecasting model achieves a day-ahead power prediction
accuracy rate of 91.68%.
This work is supported by the National Key Research and Development Program of China (No. 2022YFB2403000).
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Fig. 1 Technical route of short-term wind power

cluster power forecasting
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Fig. 2 Scatter diagram of power correlation coefficient and

wind speed correlation coefficient
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Fig. 4 Scatter diagram of correlation between wind farm

No. 2 and each wind farm
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Table 2 Predicted Enrmse and Exmag of each wind farm
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1 0.0932 0.0733 11 0.1200 0.1037
2 0.1496 0.1208 12 0.1329 0.1120
3 0.1595 0.1326 13 0.1680 0.1525
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8 0.1243 0.1183 18 0.1802 0.1687
9 0.1365 0.1233 19 0.1168 0.0923
10 0.1401 0.1289 20 0.1427 0.1270
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Fig. 12 Exgumse index distribution of wind farm 1—20
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Fig. 13 One-week prediction curve of No. 1 wind farm
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Fig. 14 Prediction error distribution of wind farm clusters
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