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Short-term wind power prediction based on INGO_BIiLSTM_SA
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(1. School of Information Center, North University of China, Taiyuan 030051 ,China;
2. Logistics Management Department, North University of China, Taiyuan 030051 ,China;

3. School of Information and Communication Engineering, North University of China, Taiyuan 030051, China)

Abstract: To improve the accuracy of short-term wind power prediction, a BiLSTM network integrating a single-head
attention mechanism (SA) and an improved northern goshawk algorithm for parameter are proposed. Firstly, wind
power data is preprocessed, and the correlation degree between each factor and wind power is calculated by using the
Pearson correlation coefficient method. The factors high correlation degree are retained to improve the prediction
accuracy of the model. Secondly, a single-headed attention mechanism is introduced to capture long-range dependencies
in the sequence, which increases the generalization ability of the model. Finally, in view of the problem of difficult
hyperparameter selection of BiLSTM, the improved northern goshawk algorithm which integrated refraction reverse
learning initialization and the of positive cosine is used to optimize the three super parameters of the number of hidden
units, the maximum training cycle and the initial learning rate in the model, and the INGO_LSTM_SA model is used to
predict after obtaining the optimal parameters. Experimental verification is carried out through the data of a wind
power station in Xinjiang. The coefficient of determination of the proposed model is 2. 08% than that of the original
BiLSTM network, and the root mean square error and the mean absolute error are reduced by 23.0% and 24.8%
respectively.
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original dataset and the Pearson filtered dataset

Comparison of prediction indicators between the
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TN AR TR
kW kW %
BiLSTM 14. 38 9.72 79.04  94.65
BiLSTM Pearson 13.70 8.95 64.25  95.14
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Fig.5 Wind power auto correlation analysis chart
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Table 2 Comparison of prediction indicators under

different attention mechanisms
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T A 7 W W % R
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BILSTM+SA(4,8) 12.62 8. 14 48.86  95.88
BILSTM+ AM 12. 68 8. 34 61.70  95.84
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Table 3 Comparison of evaluation indicators for

different benchmark models

RMSE / MAE / MAPE /

T 458 7 W W Y
BP 11. 49 8.00  82.814 96.58
RNN 17.03  11.23  71.50  92.49
GRU 17.24  11.69  94.97 92.31
CNN 13. 02 9.19  114.28 95.62
RF 11.60  7.07 30.24  96.52

INGO _BiLSTM SA  10.55  6.73  44.17 97.12
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Fig. 8 Comparison of combined model prediction results
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Table 4 Comparison of evaluation metrics for

composite models

RMSE / MAE / MAPE /

T A 7 W W )y R’
LSTM 17.56 12. 06 104.84  92.02
BiLSTM 13.70 8.95 64.25 95.14
BiLSTM_SA 12. 44 8. 20 63.16  96.00
NGO_BILSTM_SA  10.75 7.05 61.13 97.01
INGO_BIiLSTM_SA  10.55 6.73 44,17 97.12
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Table 5 Comparison of different algorithm optimization

model prediction

_ RMSE / MAE / MAPE /
TN A 7 R®
kW kW %
DBO 10. 70 7.07 61.26 97. 04
GWO 10. 67 6.77 44. 87 97.05
SSA 10. 68 6.82 43.58 97. 05
PSO 10. 61 6.77 45.05 97.08
INGO 10. 55 6.73 44.17 97.12
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Fig. 10 Error precision two-dimensional chart
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