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1Z0A-Transformer-BiGRU short-term wind power prediction
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Pu Xiaoyun Yang Jing Yang Xing Ning Yuan
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Abstract: Accurate wind power prediction is crucial for ensuring the stable operation of power grids and improving the
efficiency of wind resource utilization. To address the non-stationary and intermittent characteristics of wind power
data, this paper proposes a combined IZOA-Transformer-BiGRU prediction model based on data decomposition
techniques to enhance the accuracy and reliability of short-term wind power forecasting. First, the energy difference
method is employed to determine the number of sub-modalities for variational mode decomposition, which decomposes
the original wind power with strong random fluctuations into a series of relatively stable sub-sequences, enabling better
more effective extraction of temporal features. Next, the Transformer-BiGRU model is constructed, incorporating a
multi-head attention mechanism to process interactions between multiple features in parallel, while the BiGRU
component captures temporal dependencies within the sequence, thus enhancing prediction performance. To further
improve the model s forecasting accuracy, an improved zebra optimization algorithm, integrating singer chaotic
mapping, lens refraction-based learning, and the simplex method, is developed to optimize four key hyperparameters of
the Transformer-BiGRU model: the number of hidden layer neurons, initial learning rate, regularization coefficient.,
and the number of attention heads. Finally, the IZOA-Transformer-BiGRU model predicts the subsequences derived
from VMD, and the final prediction is reconstructed through aggregation. Experimental results show that, compared
to the standalone BiIGRU model, the proposed model improves the coefficient of determination by 5.10% and reduces
the mean absolute error, root mean square error, and mean absolute percentage error by 56.17%, 54.58% and
54.55% . respectively, demonstrating its high prediction accuracy.

Keywords: wind power prediction; variational modal decomposition; Transformer; bidirectional gated recurrent unit;
energy difference method;zebra optimization algorithm
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Table 1 Comparison of indicators for evaluating single-step
prediction errors of single prediction models
] A5 RMSE MAE  MAPE R’
CNN 12. 042 10. 235 20. 449 0. 757
Seq2Seq 11. 246 9. 487 19. 746 0.783
WaveNet 10. 967 8. 949 17.098 0.813
Transformer 10. 381 8. 465 14.569 0. 849
LSTM 8. 985 6.758 11. 916 0.916
BiGRU 7.137 5.112 10. 330 0.941
AR 3,128 2.322 4.695  0.989
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Fig. 7 Comparison of single-step prediction curves of

combined prediction models
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Table 2 Comparison of single-step prediction error

evaluation metrics for combined prediction models

o) A Y RMSE MAE MAPE R’
Transformer-BiGRU 6.425 4.644 8.865 0.957
VMD-BiGRU 5.263 3.928 7.897 0.968
VMD-Transformer-BiGRU 4. 651 3.485 6.883 0.975
VMD-GWO-Transformer-
4.347 3.274 6.606 0.978
BiGRU
EMD-1ZOA-Transformer-
6.083 4.355 8.763 0.961
BiGRU
A% 3T AR A T 3.128 2.322 4.695 0.989
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Table 3 Comparison of multi-step prediction error evaluation metrics for combined prediction models

- RMSE MAE R?
o A 7

1% 2 # 3 14 2% 3% 14 28 34

CNN-LSTM 6. 894 8. 432 9.573 4. 621 5.473 6. 412 0.952 0.937 0.918
Transformer-BiGRU 5.263 7.352 9. 454 3.928 5. 859 7.473 0. 968 0.943 0.927
VMD-Transformer-BiGRU 4. 651 6.453 8. 239 3. 485 4. 634 5.796 0.975 0. 954 0. 945
AT P AT 3.128 5.473 7.201 2.322 3.491 5.037 0. 989 0. 966 0. 952
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Fig. 8 Visualization of multi-step prediction error evaluation metrics for combinatorial prediction models
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BiIGRU. CNN-LSTM. Transformer BIGRU, EMD- metrics for generalizability
Transformer-BiIGRU I VMD-Transformer-BiGRU 75 U AL 7 RMSE MAE MAPE R’
BORLIEAT X H AR B . 32 10 b 5 0 WO il 26 H P 9 ! A
R FREF BRI LI 4 BT CNN-LSTM 13.242 8.721 7.346 0.964
AL 9 Y T 00 i 2 BT LLA i, AR SCHR 9 TZOA- Transformer-BIGRU ~ 10.508 7.945 4.963 0.972
Transformer-BIGRU B fE 85 B 47 M0 I8 BRI PR IR EMD Transformer BIGRU 9. 464 6.534  5.436 0. 980
Pt B PO A 45 55 B B 22 18D B9 Ot 22 fe /D, TS B E VMD-Transformer-BiGRU 7.474  5.196  4.015 0. 988
WERT, £ 4 WRZETFNIERXT i — 2 Bk T IZ AR SC T B A 4.008 2.359 2.399 0.997
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