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W-BiLSTM Based Ultra-short-term Generation Power Prediction Method of Renewable Energy

XIE Xiaoyu', ZHOU Junhuang®, ZHANG Yongjun', WANG Jiang', SU Jieying'
(1. Research Center of Smart Energy Technology, School of Electric Power,
South China University of Technology, Guangzhou 510640, China;

2. Guangzhou Power Electrical Technology Co., Ltd., Guangzhou 510700, China)

Abstract: The existing ultra-short-term prediction methods for renewable energy are difficult to effectively mine and analyze the
inherent fluctuation rules of data. Important information is easy to be lost when the time sequence is too long. Therefore, a power
prediction method of wind power and photovoltaic based on the wavelet bidirectional long-short term memory network (W-
BILSTM) with Attention mechanism is proposed. Firstly, wavelet decomposition is used to extract the time domain information
and frequency domain information of the input time series. Then, considering the bi-directional information flow, the bidirectional
long-short term memory (BiLSTM) network is used for prediction. Attention mechanism is introduced, and different weights are
given to the hidden state of BiLSTM through mapping weighting and learning parameter matrix, so as to selectively obtain the
more effective information. Finally, the experiment is carried out using actual data, and the results show that the proposed model
has better prediction performance compared with the existing models.
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