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Fig. 1  Structure of scaled dot-product attention
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Fig. 2 Multi-head self-attention module
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PEREHEATIEAR , 3 2 iR .
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Table 2 Results of performance indicators of seven methods

T 5 R MAE RMSE
SVM 0.9440 50.75 113.87
RNN 0.9505 83.77 107.03
Informer 0.9610 63.96 94.98
LSTM 0.9732 49.84 78.75
GRU 0.9719 56.64 80.62
TCN 0.9753 46.65 75.67
PBY-Trans 0.9804 33.72 67.38
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ULTRA-SHORT-TERM WIND POWER PREDICTION METHOD BASED ON
BAYESIAN PARAMETER-OPTIMIZED TRANSFORMER TIME
SEGMENTATION MODEL

Jiang Shanhe, Xu Xiaoyan, Tu Liang, Chen Wensheng
(School of Electronic Engineering and Intelligent Manufacturing , Anging Normal University, Anging 246011, China)

Abstract: Aiming at the complex nonlinear relationship and the difficulty in capturing long-range dependencies of wind farm data, a
new ultra-short-term wind power prediction method (PBY-Trans) based on a Bayesian parameter-optimized Transformer time segmenting
model is proposed by introducing a time segmentation strategy. This method employs the time segmentation technique to divide the wind
farm data into subsequences, which are then utilized as the inputs to the Transformer model encoder to better adapt to the nonlinear
characteristics of the time series. Furthermore, a Bayesian algorithm is employed to search for the optimal configuration of the
Transformer model parameters, thereby enhancing the model performance and improving the prediction accuracy. The prediction
performance of the proposed method is compared and verified using the data set of a wind farm in Bengaluru. Compared with the SVM,
RNN, Informer, LSTM, GRU and TCN models, the mean absolute error(MAE) metric of the proposed PBY-Trans method achieved a
decrease of 33.56%, 59.75%, 47.27%, 32.34%, 40.46% and 27.71%, and the root mean square error (RMSE) was also reduced by
68.99%, 37.05%, 27.60%, 14.43%, 16.42% and 12.29%, respectively. The results indicate that the proposed PBY-Trans prediction
model can further enhance prediction accuracy and the robustness can be effectively enhanced.

Keywords: wind power; prediction model; Bayesian optimization; Transformer model; time segmentation
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