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Abstract

Ultra short term forecasting of wind power has profound significance for precise scheduling and stable operation of the power
grid, but the volatility and instability of wind power pose many challenges to its integration into the grid. This article innovatively
proposes a spatiotemporal attention generative adversarial network (GSTC-GAN) driven by autoencoder (AE) and reinforcement
learning (RL) for wind power ultra short term prediction models. This model mainly utilizes AE denoising and data feature extraction
to reduce the complexity of wind power data. Then, the GSTC-GAN generator is used to mine the spatiotemporal correlation of wind
power data through spatiotemporal attention mechanism to generate prediction data. The discriminator distinguishes between real
and generated data, and the two are used for anti training to improve the prediction performance of the generator; RL dynamically
adjusts the parameters of GSTC-GAN based on prediction error feedback to achieve intelligent network optimization and enhance
model adaptability. Experiments have shown that the AE-RL driven GSTC-GAN fusion model outperforms traditional models such
as LSTM, GRU, and DBN in evaluation metrics such as MAE, RMSE, MAPE, and R2, providing effective new ideas and methods
for improving the accuracy of ultra short term wind power forecasting.
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Table 1 Comparison of evaluation indicators for different models

AR FE bR R EE

RMSE MAPE R2
LSTM 0.2873 15.1018 0.9951%
GRU 0.4447 23.3091 0.9883%
DBN 0.6385 29.7133 0.9759%
AR 0.1152 6.0917 0.9992%
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Fig.27 Comparison of Wind Power Prediction Results of
Different Models
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