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Fig.1 Flowchart of wind power forecasting
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Wind power short-term forecasting based on meteorological feature

exploring and improved deep learning model
YANG Jingyu'?,LUO Longfu', YANG Tongguang’, PENG Li*, TIAN Feiyang’
(1. School of Electrical & Information Engineering, Hunan University,Changsha 410000, China;
2. Key Laboratory Energy Monitoring and Edge Computing for Smart City of Hunan Province,
Hunan City University, Yiyang 413000, China)

Abstract:In order to improve the accuracy of wind power short-term forecasting, further mining of meteoro-
logical features is needed,for which,an improved deep learning model for feature mining is proposed based
on Bayesian optimal parameter tuning. The statistical features, combinatorial features and category features
are extracted for meteorological factors under multiple time scales. A deep learning model consisting of
module combining long short-term memory neural network and Attention mechanism, Embedding module
and output module is constructed, the continuous numerical values are input into the module combining
long short-term memory neural network and Attention mechanism,and the categorical features are input into
the Embedding module. The Bayesian optimal parameter tuning is used for feature combination selection to
find the optimal feature combination,and the final wind power forecasting results is obtain. The comparative
analysis with historical data of a wind farm shows that the proposed method can effectively improve the
forecasting accuracy of wind power.
Key words:wind power forecasting;meteorological feature;deep learning;feature exploring;Bayesian optimiza-

tion
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