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Short-term wind power prediction based on parameter optimization and QR

Pu Xiaoyun Yang Jing Yang Xing Ning Yuan
(School of Electrical Engineering, Guizhou University,Guiyang 550025, China)

Abstract: Aiming at the problem that wind power prediction models under high-fluctuation scenarios struggle to
balance point-value accuracy and interval reliability, a hybrid prediction model integrating parameter optimization and
nonlinear quantile regression is proposed. First, a combined TCN-GRU-DA prediction model based on a dual attention
mechanism is constructed, using feature attention to mine the spatial correlation of multidimensional meteorological
features and it with combining multi-head attention to capture the temporal dependence of power sequences. Second,
the improve secretary bird optimization algorithm is proposed to realize the intelligent optimization of the four hyper-
parameters of the combined model. This algorithm significantly enhances convergence performance by integrating good
point set theory and quantum computing initialization, time-segmented nonlinear weighting, the directional search
mechanism of the northern goshawk optimization algorithm, and a Cauchy distribution strategy to enhance global
search capability. Finally, a multi-head attention-based nonlinear quantile regression model is developed. which
dynamically adjusts feature weights under different quantiles through an adaptive loss function, thereby improving the
accuracy of conditional quantile estimation. Experimental results demonstrate that, for point prediction, the proposed
model reduces MAE and RMSE by 33.33% and 31.93%, respectively, compared to TCN-GRU. For interval
prediction, at a 95% confidence level, the PICP improves by 3.97% and PINAW decreases by 20.76%. The study
confirms that the proposed model effectively addresses the synergistic optimization of point estimation and interval
estimation for wind power prediction. It not only enhances prediction robustness under extreme weather but also
provides multi-dimensional decision support for day-ahead scheduling and real-time control in power grids.

Keywords: wind power prediction; gated recurrent unit; attention mechanism; quantile regression; point value

prediction;interval prediction
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Table 1 Comparison of indicators for evaluating point value prediction errors
B A% FE:
MAE RMSE R’ MAE RMSE R’

Transformer 7.387 7 11.705 3 0.973 9 8.101 0 12.787 0 0.951 1
GRU 7.298 9 11.525 2 0.974 2 6.542 1 10.098 9 0.969 5
CNN-LSTM 7.236 5 11. 623 6 0.975 3 6.157 3 9.835 14 0.972 2
TCN-GRU 6.918 7 10. 786 7 0.977 6 5.943 8 9.232 0 0.974 5
MTTCN-GRU 6.568 8 9.817 6 0.980 5 5.710 0 9.079 2 0.975 4
TCN-GUR-DA 6.089 2 9.127 6 0.983 5 5.671 4 8.852 9 0.976 6
SBOA-TCN-GUR-DA 5.154 2 8.326 1 0.987 6 4.854 3 8.245 1 0.979 2
ISBOA-TCN-GUR-DA 4.824 4 7.844 1 0.988 3 4.2335 7.918 2 0.981 3
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Table 2 Comparison of evaluation metrics of four interval prediction models at 95%, 90% , and 85% confidence levels

BiF —_—— A7 e

X [] s PICP PINAW CWC PICP PINAW CWC
QR-CNN-LSTM 0.926 4 1.968 6 0.630 8 0.920 5 1.8755 0.604 6
95% QR-TCN-GRU 0.9311 1.703 8 0.552 5 0.947 8 1.681 4 0.529 4
QR-TCN-GRU-DA 0.946 7 1.403 4 0.428 1 0.968 9 1.393 1 0.411 5
QR-ISBAO-TCN-GRU-DA 0.968 1 1.350 1 0.372 2 0.971 0 1.3207 0.341 8
QR-CNN-LSTM 0.7850 1.576 6 0.803 4 0.821 2 1.545 2 0.794 5
90% QR-TCN-GRU 0.866 3 1.458 0 0.737 8 0.896 6 1.312 8 0.686 6
QR-TCN-GRU-DA 0.903 2 1.275 2 0.598 3 0.959 8 1.276 6 0.565 8
QR-ISBAO-TCN-GRU-DA 0.920 4 1.030 8 0.576 6 0.944 5 1.060 5 0.514 9
QR-CNN-LSTM 0.710 5 0.879 5 0.967 2 0.792 8 0.846 2 0.930 9
859 QR-TCN-GRU 0.783 8 0.843 2 0.886 1 0.811 0 0.8151 0.820 8
QR-TCN-GRU-DA 0.823 9 0.827 4 0.619 4 0.843 9 0.854 8 0.648 5
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