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Data-Driven Online Wind Power Forecasting Method
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Abstract : With the rapid growth of wind power installed capacity and the large-scale integration of renewable
energy into power grids, higher requirements are imposed on the timeliness and accuracy of wind
power forecasting. Traditional offline modeling methods are difficult to adapt to the dynamic changes
in operating environments. Therefore, this paper proposes an online wind power forecasting method
based on deep learning. First, historical data are used to perform batch training of the forecasting
model to construct an initial model. Then, the Wasserstein distance is introduced to measure the
distribution difference between newly arriving data and historical data, thereby detecting potential
distribution changes. When significant changes are detected, the parameters of the deep learning
model are dynamically updated to realize online forecasting based on a rolling time window. Finally,
simulation experiments are conducted using measured data from two wind farms. The experimental
results demonstrate that the proposed method achieves higher forecasting accuracy and stability
across multiple prediction models, verifying the effectiveness of the proposed approach.
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Figure 1: Data—driven online wind power forecasting flowchart
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Table 1: Model parameters
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Table 2: Test results of offline and online models on two datasets

DatasetA DatasetB
Model 1h 3h 6h 1h 3h 6h

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE

Dlinear-BL 45097  8.5684 7.796 13.9643 109825 18.398  0.0678  0.1024  0.1064  0.1504  0.1404  0.1912
Dlinear—OL 4.3558  8.4585 74613 137774 10.5223 181097  0.0676 ~ 0.1012  0.1053  0.1497  0.1398  0.1906
GRU-BL 4.3695  8.3473 7.8826  13.8346 11.0097 18.3757  0.0708  0.1037 0.109 0.1524 0.141 0.1937
GRU-OL 4.1572 8.1632 7.4861 135576 10.7599 17.9771  0.0677 0.101 0.1042  0.1495  0.1384  0.1903
LSTM-BL 4.1337 8.2387 7.5752  13.8381 10.8707 18.1491  0.0694  0.1035  0.1093  0.1546  0.1521 0.1988
LSTM-OL 4.1082 8.113 7.5125 1355682 10.7934 17.9801  0.0675  0.1011  0.1045  0.1498  0.1438  0.1923
TCN-BL 5.5495  9.8565 9.3561  16.0037 122871 20.0525  0.075 0.1072  0.1131 0.1559  0.1468  0.1926
TCN-OL 5.3824 9.6132 9.158 155966  11.9933 19.4748 0.0732  0.1052  0.1108  0.1539  0.1412  0.1894
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iTransformer-BL  5.4461
iTransformer-OL  4.9324
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Crossformer—OL 4.4764

LightTS-BL 4.4954
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19.8306  0.0781 0.1085  0.1145 0.1551 0.1485 0.196
19.0812  0.0705  0.1033  0.1044  0.1491 0.1384 0.1891
18.8066  0.0709  0.1021 0.1048 0.149 0.1423  0.1897
18.1282  0.0679 0.1 0.1026  0.1466 0.1364 0.1859
19.3787  0.0711 0.1046  0.1125 0.1557 0.1474 0.1952
18.1725  0.0679  0.0998  0.1022 0.1453 0.1356 0.1846
18.6188  0.0659  0.0992  0.1027  0.1478  0.1406  0.1899
18.4085  0.0658  0.0985  0.1024  0.1473 0.1385 0.189
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Figure 2: Prediction results using iTransformer with a 1-hour forecast horizon on Two datasets
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Table 3: Online prediction results using the DLinear model on DatasetA under different thresholds
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DatasetA
1h 3h 6h

6 MAE RMSE PA MAE RMSE PA MAE RMSE PA

0 4.2473 8.4442 1 7.2204 13.7545 1 10.1358 18.0385 1
0.02 4.2479 8.445 0.9804 7.2207 13.7556 0.9794 10.1368 18.0373 0.9846
0.05 4.247 8.4507 0.8021 7.2197 13.775 0.7962 10.1201 18.0608 0.7941
0.07 4.2606 8.4631 0.6594 7.2239 13.7833 0.666 10.133 18.0693 0.6685
0.1 4.2697 8.4701 0.5058 7.2541 13.7929 0.5003 10.1657 18.1019 0.5029
0.2 4.2857 8.5058 0.2381 7.3288 13.843 0.2307 10.2946 18.1064 0.2397
0.3 4.3124 8.5011 0.1344 7.3766 13.8626 0.1382 10.3899 18.1268 0.1402
0.4 4.3314 8.5206 0.0839 7.4481 13.8612 0.0848 10.5034 18.1955 0.0857
0.5 4.3563 8.5231 0.0559 7.5151 13.865 0.0631 10.62564 18.2295 0.0514
0.6 4.3721 8.5443 0.0297 7.5976 13.8849 0.034 10.6595 18.2454 0.0383
0.7 4.3905 8.5474 0.0154 7.6478 13.8949 0.0211 10.7098 18.2548 0.0236

F4: ANEBE T DLinear BBAE DatasetB _EELLTRMNIZ;
Table 3: Online prediction results using the DLinear model on DatasetB under different thresholds
DatasetB
1h 3h 6h

d MAE RMSE PA MAE RMSE PA MAE RMSE PA

0 0.06745 0.10108 1 0.10408 0.14949 1 0.13871 0.19053 1
0.1 0.0674 0.10107 0.8844 0.10428 0.14942 0.8916 0.13902 0.19035 0.8877
0.2 0.06742 0.10112 0.7283 0.10438 0.14946 0.7236 0.13908 0.1903 0.7368
0.3 0.06738 0.10114 0.583 0.10474 0.14948 0.5947 0.13927 0.19031 0.5699
0.4 0.06727 0.10122 0.4695 0.10488 0.14961 0.4602 0.13936 0.19038 0.4709
0.5 0.06719 0.1013 0.3631 0.10508 0.14972 0.3495 0.13961 0.19044 0.3726
0.6 0.06717 0.10142 0.2877 0.10509 0.14974 0.3084 0.13951 0.19059 0.3132
0.7 0.0672 0.10141 0.2512 0.10503 0.14982 0.2444 0.13967 0.19068 0.2606
0.8 0.06714 0.10151 0.2169 0.10517 0.14986 0.2125 0.13975 0.19079 0.2172
0.9 0.06721 0.10166 0.1727 0.10541 0.15 0.1645 0.13975 0.19081 0.1783

1 0.06732 0.10169 0.1416 0.10554 0.1501 0.1302 0.13977 0.19081 0.1577
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