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Abstract

According to the influence of various factors on the output power of wind farms, this paper estab-
lishes a stepwise regression and deep learning ultra-short-term wind farm output power predic-
tion model. The effect of wind farm actual output power, wind speed and wind direction data at
different heights to the prediction accuracy is comparatively analyzed. Finally, through stepwise
regression, the variables that have an important impact on the results are selected as the input
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data of the model to improve the prediction accuracy.
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Figure 1. The topology structure of LSTM model
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Table 1. The effect of learning rates on forecasting accuracy
= 1. FI RTINS E RS

LR MSE STDEV.MSE
0.001 0.048139 0.623379
0.01 0.037062 0.287312
0.05 0.068692 0.334516

DOI: 10.12677/aepe.2021.96033 313 CEWARSiic) b iy


https://doi.org/10.12677/aepe.2021.96033

AeR %

35 T T T T

MSE

MZRIREL

Figure 2. The loss function under different learning rates
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Figure 3. The influence of the real power on the loss function
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Table 3. The influence of wind speed at different heights on MSE
= 3. TEIEE NIRRT IRENF I

N I0)BS MSE STDEV.MSE
30m 0.1365973 0.204171
30m,70m 0.07839403 0.614722
30m,70m, 90 m 0.08642108 0.841246
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Table 4. The results of stepwise regression
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Unstandardized Coefficients

Standardized
Coefficients

Model t Sig.
B Std. Error Beta

(Constant) 0.418 0.21 1.993 0.046
15 min 1.077 0.019 1.077 58.158 0
30 min —-0.125 0.018 —-0.125 —6.794 0

° K (m/s) (70 m) 2.546 0.872 0.388 2.918 0.004
K] 90 —0.004 0.001 -0.014 -3.837 0

R (m/s) (90 m) -2.283 0.844 -0.357 -2.704 0.007
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Table 5. Comparative analysis of prediction accuracy of different prediction models
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Figure 4. The forecast results and error curves based on stepwise regression and deep
learning methods
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