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Short-Term Wind Direction Prediction Based on CNN-LSTM-At-
tention

HAN Xinghui' s HE Yongling'** .MENG Zhanbin' , HU Wenrui', LIAO Binjie®

(1. College of Mechanical and Marine Ocean Engineering, Beibu Gulf University, Qinzhou, Guangxi, 535011, China; 2. Guangxi
Power Grid Qinzhou New District Power Supply Bureau, Qinzhou, Guangxi,535011, China)

Abstract: Wind direction prediction is of great importance to improve the conversion rate of wind energy,en-
sure the safe operation of wind turbine yaw system and increase the benefits of wind power generation. In or-
der to accurately predict wind direction,a short-term wind direction prediction model based on CNN-LSTM-
Attention is proposed. Firstly, the Convolutional Neural Network (CNN) is used to extract the dynamic
change features of wind direction data. Then, the extracted feature vectors are used to form a time series as
the input of the Long Short-Term Memory (LSTM) network. Finally,attention mechanism is used to allocate
different weights of the LSTM hidden layer to enhance the role of important features and complete the wind
direction prediction. The historical wind direction data of Beibu Gull waters are used to compare with other
neural network prediction models through experiments. The results show that the MAPE value of CNN-
LSTM-Attention model is 3. 2119% ,and R* is 0. 982 6, which is better than other comparison models. The
results provide a reference for the exploration and development of offshore wind power in Beibu Gulf of
Guangxi.
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