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Short Term Prediction of Wind Power Based on Error
Compensation and IDBO-BiLSTM

WEI Zhen-yu', JIANG Xue-song'“, YANG Li-fa*

(1. College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China;
2.703 Research Institute, China State Shipbuilding Corporation, Harbin 150783, China)

[ Abstract] Aiming at the problem of poor model accuracy caused by poor stability and strong randomness of wind power output. A
short-term prediction model of wind power based on quadratic decomposition error compensation was proposed. Firstly, BiLSTM
(bidirectional long short-term memory) prediction model is established to predict wind power and output prediction errors. Secondly,
an IDBO (improved dung beetle optimizer) algorithm was used to initialize the population by using chaotic mapping, update the
position of rolling dung beetles by introducing golden sine strategy, and update the position of thieving dung beetles by adding dynamic
adaptive weight coefficient to optimize the parameters of the prediction model. Prevent the network from falling into the local optimal
solution, and adaptively search the optimal parameter combination. Then, using the decomposition-reconstruction-decomposition
strategy, CEEMDAN ( complete ensemble empirical mode decomposition with adaptive noise) was used for the first decomposition. In
addition, SE(sample entropy) and K-means are introduced to reconstruct the sequence according to frequency, and the high-frequency
error sequence was decomposed into error sequences of different frequency bands by VMD ( variational mode decomposition). Improve
the prediction efficiency and accuracy of subsequent models. Finally, the input error compensation model of each component was used
to predict and the Attention mechanism was introduced to learn the feature relationship of different time steps and give different weight
values to enhance the attention to key information. Through the measured data of a wind farm in Xinjiang, the prediction accuracy of
the proposed model is proved to be high and has significant advantages.

[ Keywords] wind power short-term forecast; bidirectional long short-term memory network; improved dung beetle optimization

algorithm; complete ensemble empirical mode decomposition; variational mode decomposition
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Fig. 1  Specific process of short-term prediction of wind power
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Fig.4 CEEMDAN and VMD decomposition results
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Table 2 Precision comparison of model prediction results

» MMAPE/
fizsil RMSE o R*/%

0

CEEMDAN-VMD-IDBO-BiLSTM-ATTENTION 5. 173 5.44 99.21
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VMD-IDBO-BiLSTM-ATTENTION 10.351  8.78 96.41
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Fig. 5 Performance comparison of various optimization algorithms
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Table 3 Comparison of accuracy of prediction results of

some models

T RMSE MMAPE/ % R*/%
SVM 35. 454 20. 62 88.7
TCN-BiLSTM 12.129 8.17 96. 56
CNN-BiLSTM 10. 152 8. 89 97.59
DBO-BiLSTM 11.317 9.04 96. 64
AR SR 5.173 5.44 99.21
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Fig. 6  Comparison of prediction effects of some models
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