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Ultra-short-term wind power forecasting through improved
Cao algorithm for SSA and error correction
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(1. School of Electrical and New Energy, Three Gorges University, Yichang 443002, China;
2. Shanghai Survey and Design Institute Co. , Ltd. , Shanghai 200434, China)

Abstract: In order to address the issues of underutilization of historical wind power information and insufficient
expl.oRation of the potential of machine learning models, a method for ultra-short-term wind power forecasting has been
proposed. This method is based on feature singularity spectrum analysis and model error compensation. Firstly, random
forest is used to analyze the influence of different features on the output power, and the cumulative contribution rate is
used to extract the features. Secondly, by improving the Cao algorithm, the optimal embedding dimension for singular
spectrum analysis is determined. The extracted features are denoised and a wind power prediction model is constructed
based on the denoised data. Finally. the error prediction model is constructed by using the error between the predicted
value and the real value, and the result of power prediction is corrected by the predicted error. The results from a small
wind farm in China confirm that the proposed method reduced RSME and MSE by 45% and 53% compared to CNN-
LSTM, thus verifying its effectiveness.
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Fig.1 Flowchart of singular spectrum analysis
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Fig. 10 Prediction results of each model
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Table 4 Assessment of results during intense power fluctuations
ki PO 46 b 17~32 RHFE S 33~48 KAf A
RMSE 0.690 1 0. 655 4
CNN-LSTM
MAE 0.556 5 0.495 7
RMSE 0.543 6 0.405 1
RF-SSA-CNN-LSTM
MAE 0.428 0 0.301 1
R - RMSE 0. 387 2 0.363 7
RF-SSA-CNN-LSTM+ i 2% £
MAE 0.236 0 0.210 1
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Fig. 11 Characteristic changes of wind turbines

at 17~32 sampling points
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Table S The evaluation results when the prediction is negative

LAY PR 8 AR 49~64 FKAEH 65~81 KAt
RMSE 0.153 4 0.457 2
CNN-LSTM
MAE 0.104 5 0.327 8
RMSE 0.037 0 0.270 0
RFE-SSA-CNN-LSTM
MAE 0.026 0 0.165 7
N RMSE 0.025 4 0.081 0
RF-SSA-CNN-LSTM+ % 25 #p 2
MAE 0.017 2 0.052 8
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Fig. 12 Characteristic changes of wind turbines

at 48~64 sampling points
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