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Figure 8 Wind power interval prediction result
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Table 2 The comparison of wind power interval prediction indicators with different confidence intervals
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Wind Power Interval Prediction Based on Combined Deep Learning

JIANG Jiandong', ZHAO Yunfei', HAN Wenxuan', YAN Yuehao’, BAO Wei’, LIU Xiaohui’

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Zhengzhou Power Supply
Company, State Grid Henan Electric Power Company, Zhengzhou 450006, China)

Abstract; To improve the accuracy of wind power interval prediction, in this study, a combined deep learning-
based wind power interval prediction model was proposed. Firstly, to address the imbalance between global optimi-
zation ability and local exploration in the traditional dung beetle optimization ( DBO) algorithm, an improved ver-
sion POTDBO was introduced. This algorithm enhanced the global search capability and improved the local search
strategy. By optimizing the decomposition number K and penalty factor 8 in the variational mode decomposition
(VMD), thus it improved the decomposition performance of VMD. Secondly, based on the optimized VMD decom-
position results, a combined deep learning model, POTDBO-VMD-CNN-BIiLSTM, was established. In this model,
convolutional neural networks (CNN) were used to exiract the spatial features of wind power, and a bidirectional
long short-term memory ( BILSTM) network was applied to capture both historical and future signal features in the
data. The individual components were predicted and then combined to reconstruct the wind power prediction accu-
rately. To perform interval prediction for wind power, in this study the non-parametric kernel density estimation
(KDE) method was introduced to fit the prediction errors of the combined model, then to obtain wind power inter-
val prediction results at different confidence levels. Finally, the proposed model was validated using actual opera-
tion data from a wind farm in Xinjiang. Simulation results showed that, at a 95% confidence level, compared to the
Gaussian and T-distribution models, the proposed method reduced the prediction interval coverage width (CWC) by
0.103 6 and 0. 171 4, respectively, while improving the interval prediction accuracy.

Keywords: wind power interval prediction; dung beetle optimization algorithm; variational mode decomposition;

kernel density estimation



