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Ultra short-time prediction error analysis of wind power based on mixed distribution model

ZHANG Shuaike, LUO Pingping

(College of Electrical Engineering,Shanghai University of Electric Power,Shanghai 200090, China)

Abstract: Characteristics analysis of wind power prediction error can provide more accurate reference for optimal dis-
patch and stable operation of power system. This paper proposes the mixed ¢ Location-scale distribution model to de-
scribe the probability distribution of wind power prediction error characteristics quantitatively. Then it uses improved
K-means clustering algorithm to determine the model parameters. The distribution characteristics of the ultra-short-
term prediction errors of wind power under different prediction methods are validated and analyzed with the measured
data of a wind farm. Based on the measured data of the wind farm. we predict and analyze the errors produced by the
two prediction models of time series and support vector machines, respectively. It is verified that the model can effec-
tively describe the probability distribution of prediction errors.
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Figure 1 The error of time series prediction
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Figure 2 The error of SVM prediction
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Figure 4 Comparison of the fitting effects of different

order mixed models on time series prediction errors

[ 2 i A
w2 . ---2 B A
v A AL 4 pr ezl
;__; ! fff i E?ﬁ Sl
Pad LN
0 FA’A[AH ‘ H ‘ ‘ (R rrem

-1.0 -0.5 0.0 0.5 1.0

T 5% 2 /p.u.

Bl 5 FRH-3CRESEE T I H & TR
iR EMA R
Figure 5 Comparison of fitting effects of different

order mixed models on SVM prediction error
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Table 1 Fitting evaluation index of time series prediction

error by mixed models of different orders

LT Ty £ MAE RMSE R
2 By 0.159 5 0.262 4 0.933 8
3 B 0.174 9 0.243 5 0.945 9
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Table 2 Fitting evaluation index of SVM prediction

error by mixed models of different orders

ATy H MAE RMSE R
2 By 0.2255 0.333 6 0.783 3
3 B 0.156 0 0.2345 0.901 6
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Figure 6 Comparison of fitting effects of different order

mixed models on time series prediction error
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mixed models on SVM prediction error
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Table 3  Fitting evaluation index of time series prediction

error by mixed models of different orders
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Figure 8 Comparison of the fitting effects of the distribution

models of the time series prediction error
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Figure 9 Comparison of the fitting effects of the distribution

models of SVM prediction error
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Figure 10 Comparison of the fitting effects of the distribution

models of the time series prediction error
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models of support vector machine prediction errors
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