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An integrated forecasting method of short-term wind power
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Abstract: An integrated forecasting method of short-term wind power is presented for improving prediction accuracy
and shortening the model training time. Based on the characteristic of wind power curve and wind speed frequency, the
wind speed is divided into high, medium and low three segments, and each wind power characteristic is analyzed. As
the predicted power shows larger fluctuated statuses in segments of high and low wind speed, so Least Squares Support
Vector Machine is used to achieve better prediction accuracy. Much more data can be accessed in the medium segment,
and there is an obvious physical relationship between wind speed and power, so Gaussian Model is used under this sort
of circumstance. At the same time, the level table of wind and power is used to revise the predicted power in each
section to ensure the stability of the algorithm. The rationality of Gaussian model and selection of algorithm in high,
medium and low segment is verified by using the historical data of a wind farm of Shanghai in 2014. The simulated
result compared with LSSVM’S shows that the proposed algorithm can not only improve the prediction accuracy, but
also shorten the model training time. It can be well used to predict short-term wind power in real-time.
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Table 1 Level table of wind and power

R/ rES) K/ rES) K/ e/
(m/s) kw (m/s) kw (m/s) kw
4.00~4.05 73.84

b

5.00~5.05 175.33 6.00~6.05 340.49

4.05~4.10 7941  5.05~5.10 183.53 6.05~6.15 338.52

4.10~4.15  84.66  5.10~5.15 194.14 6.15~6.20 364.94

4.15~420 8737  5.15~5.20 200.79 6.20~6.25 355.28

4.20~425 89.18  5.20~5.25 213.82 6.25~6.30 386.17
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Fig. 1 Curves of wind and power
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Fig. 2 Scatters of wind power and wind probability density
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Fig. 3 Fitting curves of each model

F2, B, Al BB Gaussian
R BB o2 22 BU(R-square) #7E 95%LL b, LA
U, AH & R iR 75775 MI(SSE)« RMSE %5
Ko FREFAYF) SSE. RMSE LA X R-square — /M|
FRASAN N Fo Al =i o HL S0 Gaussian 5
WG 48 T, 5 Gaussian LA 45 52 7E SSE.
RMSE LA RMSE =75 #0018 HLH-ROR, PRIk
A ICIEFE Gaussian AR ALVE 4y KU BTN

Fz2 SMBERHHIEER
Table 2 Fitting results of each model

7 SSE RMSE R-square
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Table 3 Comparison of prediction accuracy of each wind speed segment
fRRGE B R B e RLBL
I 18] RMSE MAE RMSE MAE RMSE MAE
L G L G L G L G L G L G

2014.03~2014.05 24.96 22.50 18.85 18.32 5498 54.47 35.02 34.98 14.23 13.25 12.36 10.90
2014.06~2014.08 26.57 33.51 20.54 23.78 42.42 42.07 29.68 29.55 22.05 23.87 17.41 18.65
2014.09~2014.11 32.56 31.39 24.73 24.59 35.24 34.95 25.64 25.51 82.65 107.72 59.17 76.15
2013.12~2014.02 18.26 21.11 16.11 18.32 48.19 47.75 3448 34.38 19.31 20.96 16.31 17.46

B 25.59 27.13 20.06 21.25 4521 4481 31.21 31.11 34.56 41.45 26.31 30.79

R 4 MMTN T RN TR L

Table 4 Comparative evaluation of the two forecasting methods

LSSVM Tl Jr i SRR Jr vk

L] FEAE
RMSE MAE MRE T RMSE MAE MRE T
2014.03~2014.05 702 52.66 3391 0.10 9.62 52.51 33.76 0.10 0.15
2014.06~2014.08 927 4132 2872 0.11 1835 41.19 2875 0.12 0.20
2014.09~2014.11 1016 34.44 25.69 0.13 24.67 3371 2535 0.13 0.19
2013.12~2014.02 1018 47.63 33.09 0.09 2595 4552 3229 0.09 0.21
LN 44.01 30.35 0.11 19.65 4323 30.04 0.11 0.19
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Fig. 4 Predicted error of LSSVM and integrated method
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