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Ultra—Short—Term Wind Power Prediction Based on IWOA-BiLSTM-
MHSA Neural Network

ZHANG Zhoutong, GUO Huan
(Artificial Intelligence Academy , Jianghan University , Wuhan 430056, China)

Abstract: To improve the accuracy of ultra short term wind power prediction, an improved whale optimization algorithm combined with multi
head attention mechanism is proposed from the perspectives of hyperparameter optimization and model optimization, and a bidirectional long
short—term memory neural network model is proposed. Firstly, based on the bidirectional long short—term memory neural network, a temporal
multi head self attention mechanism is introduced to capture longer distance dependencies in the temporal sequence, increasing the model’s
representation and generalization ability; Secondly, an improved whale optimization algorithm is adopted to optimize the hyperparameters of
the model, proposing adaptive parameter and threshold strategies to enhance the algorithm’s global search capability and local search rate ; Fi-
nally, based on the measured data of a wind farm in a certain region of Xinjiang, a case study analysis was conducted. It was found that com-
pared with various traditional machine learning and deep learning prediction models, the proposed model has higher prediction accuracy, es-
pecially in dataset 1, where MAPE was reduced by 4.892%, 7.722%, 6.196%, 3.864%, and 2.159% compared to LSTM, BP, RNN, GRU,
and BiLSTM models, respectively.
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Fig. 5 Comparison of convergence curves of various algorithms
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