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Ultra-short-term Wind Speed Prediction for Multiple Wind
Farms Based on Aggregated Spatio-temporal Graph
Convolutional Networks

XU Chenxiao®, CUI Chenggang', GUO Weimin?, YANG Ning, LIU Bei’>, MENG Qingye”
(1. College of Automation Engineering, Shanghai University of Electrical Power, Shanghai 200090, Ching;
2. Rundian Energy Science and Technology Co., Ltd, Zhengzhou 450052, China)

Absdtract: In a certain environment where regiona wind farms digtribute irregularly, the traditional convolutiona neural
network prediction method cannot reflect the distribution states or influence relationship of regional wind farms, and
it is difficult to accurately predict the wind speed. First, to solve this problem, the technology of graph convolutional
networks is used for feature modeling, and the connected graph and weight matrix are established according to the
topology of multiple wind farms and the cross-correlation coefficient of wind speed in each region. Second,
depending on the time dynamic characteristics of wind speed at wind farms, an improved parallel convolution
structure is used to obtain the correlation between wind speed series in multiple time periods at the same wind farm.
Third, based on the spatial correlation and delay effect of wind speed at wind farms, the spatio-temporal
characteristics of wind speed in different regions are aggregated by using a second-order aggregation method. Finally,
the verification of data from one regional wind farm shows that the proposed method can extract the spatio-temporal
characteristics and improve the performance of ultra short-term wind speed prediction for multiple wind farms on

04 h prediction scale.
Keywords: Wind speed prediction; aggregated spatio-temporal graph convolutional networks; spatio-temporal
correlation
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Tab. 1 Values of SCCF between wind speed series at
reference farm and those at other farms
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15X 0603 0.579 0.516 0.497
35K 0738 0.670 0.696 0.597
458 0.657 0.581 0.484 0.394
55K 0508 0.536 0.407 0.319
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Fig. 1 Distribution in spatial structure of onewind farm
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Tab. 2 Values of SCCF between wind speed seriesat No. 2
farm and those at other farms

H Kzl K3 Km4a Ks

202046 4 21 H 0603 0.738 0.657 0.508
20204F6 4 22 H 0856 0839 0.705 0.796
202046 H 23 H 0925 0920 0899 0.932
20204£ 6 H 24 H 0.835 0663 0855 0.797
202046 4 25 H 0849 0748 0651 0.873
202046 4 26 H 0805 0702 0514 0.719
202046 7 27 H 0918 0724 0771  0.869

#3 1h, 3InFMTAREFMAELLE@OG A 23 H)
Tab. 3 Comparison among different prediction methods
for 1 h and 3 h, respectively (June 23)

Wi B R
STGCN 0.864 1145
1h STGCN-GLU 0.854 1.083
STGCN-AGG-GLU 0.803 1.005
STGCN 1.196 1.473
3h STGCN-GLU 1115 1.397
STGCN-AGG-GLU 1.033 1.289

Fz4 1h, 3ShFNTARETRAELEG A 21 H)
Tab. 4 Comparison among different prediction methods
for 1 h and 3 h, respectively (June 21)

e O Jri% sl (st
STGCN 0.928 1.258
1h STGCN-GLU 0.920 1.259
STGCN-AGG-GLU 0.906 1.214
STGCN 1.178 1541
3h STGCN-GLU 1.144 1.455
STGCN-AGG-GLU 1.084 1.407
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