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Table 2 Test results of different prediction models

S| AL 7
Predition model MAE  RMSE R

VMD-GRAU 0.022 0.016 0.995
GRAU 0.025 0.022 0. 990
CNN 0.028 0.042 0.978
CNN-Transformer 0.024 0.034 0.989
CNN-GRU 0.028 0.016 0. 988
GRU 0.030 0. 044 0. 981
GRU-Transformer 0.025 0. 040 0.985
Transformer 0.032 0.049 0.977
VMD-CNN 0.028 0.041 0. 984
VMD-CNN-GRU 0.023 0.030 0.991
VMD-GRU 0.025 0.041 0.984
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Table 3 Model generalization test in different environments

R?

T A5 7Y X 2 i IX 3 i IX 4

Prediction KAHL(1—3) KAHL(4—6) RAHL(T—9)
model Region 2 Region 3 Region 4
(wind turbine (wind turbine (wind turbine

1—3) 4—6) 7—9

GRU 0.698 0. 801 0. 754

CNN-GRU 0.674 0. 644 0.521

AGRU 0. 741 0.602 0.688

VMD-GRU 0.799 0.911 0.784

Transformer 0. 687 0. 904 0. 860

VMD Transformer 0.707 0.907 0. 884

VMD-GRAU 0.907 0.921 0.938
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fication algorithms were used to model and analyze the factors influencing poor prognosis within 90 d. The
prediction performance and accuracy of the nomogram model were evaluated based on the Receiver Operating
Characteristic (ROC) curve and calibration plot. The results showed: (1)13.95% (108 cases) of the patients
had poor prognosis within the 3-month follow-up period. (2) The patients with poor prognosis had higher
age,levels of White Blood Cell (WBC) ,C-Reactive Protein (CRP) ,and Triglyceride (TG) , National Institutes
of Health Stroke Scale (NIHSS) score at admission,infarct volume,and onset-to-treatment time than the pa-
tients with good prognosis. The patients with poor prognosis had lower Glasgow Coma Scale (GCS) score at
admission than the patients with good prognosis (P <C0.05). The Extreme Gradient Boosting (XGB) algo-
rithm performed best,with the area under the ROC curve (AUC) of 0. 81,and the calibration curve showed a
high degree of consistency between the predicted and actual occurrence of risk. (3) The top six predictive vari-
ables selected by the XGB algorithm were onset-to-treatment time, CRP level at admission,age,infarct vol-
ume, TG level,and NIHSS score. These results indicate that the XGB algorithm can be used to predict the
factors influencing short-term poor prognosis in AIS patients beyond the time window for intravenous throm-
bolysis.

Key words: acute ischemic stroke; beyond the time window for thrombolysis; prognosis; machine learning;

clinical prediction model
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Short-term Wind Power Forecasting Based on VMD-GRAU

XIE Jincai'*, YU Qiancheng'** " s WANG Zhici'"*, HU Zhiyong'*,YU Xulong'*,

WANG Aogiang'**

(1. School of Computer Science and Engineering, North Minzu University, Yinchuan, Ningxia, 750021, China; 2. Laboratory of
Graphics and Images of the State Ethnic Affairs Commission, North Minzu University, Yinchuan, Ningxia, 750021, China)

Abstract ;: The existing short-term wind power prediction models are difficult to accurately capture the nonlin-
ear mapping relationship between wind power historical monitoring data and wind power and adapt to the en-
vironmental changes in wind speed, which lead to poor prediction results. In view of these problems.a wind
power prediction model was designed based on Variational Mode Decomposition (VMD) and Recurrent Neu-
ral Network (RNN). The model first performed VMD of the wind power data to avoid the problems of mode
mixing and false peaks,and proposed the Gated Recurrent Attention Unit (GRAU) model,which designed an
attention gate to enhance the ability of RNN to capture the important sequential features and robustness. An
error correction module was designed to reduce the effects of stochasticity and volatility in wind power pre-
diction,and finally a sparse regularization term was added in the loss function to prevent the model from be-
ing overfitted. The experimental results showed that the proposed VMD-GRAU model achieved the average
values of 0.022,0.016, and 0.995 in terms of Mean Absolute Error (MAE), Root Mean Square Error
(RMSE) ,and R? score, respectively. The model proposed in this study improved the MAE by 26% —31%
compared with GRU and Transformer models and had good generalization performance in different environ-
ments.

Key words: wind power prediction;variational mode decomposition;attention mechanism;regularization
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