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Short-term forecasting optimization algorithm for wind speed from
wind farms based on wavelet analysis method and
rolling time series method

LIU Hui, TIAN Hong-qi, LI Yan-fei

(Key Laboratory of Traffic Safety on Track, Ministry of Education, School of Traffic & Transportation Engineering,
Central South University, Changsha 410075, China)

Abstract: In order to achieve high-precision multi-step ahead prediction for real-time wind speed data that sampled from
wind farm, based on wavelet analysis method and rolling time series method, a forecast improved algorithm was
proposed. Wavelet analysis method was used to make decomposition and reconstruction calculations for original wind
speed series, and multi-layer more steady wind speed series was obtained. Then rolling time series method that was
modified from traditional time series method was used to build unsteady prediction models for each layer, and
corresponding equations were used to realize multi-step rolling forecast calculation. Simulation results show that the
optimization algorithm attains high-precision multi-step ahead forecast results, improves forecast precision of one-step,
three-step, five-step ahead forecast traditional time series method by 40.48%, 29.22%, 45.73%, respectively, and the
mean relative error is only 1.72%, 3.61%, 7.12%, respectively. The optimization algorithm has respectively excellent
subdivision and self-learning ability.
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Fig.1 Calculation framework of prediction model
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Fig.3 Three-step ahead forecasting results of {X),} series
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Fig.5 Three-step ahead forecasting results of {Xj3,} series
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Fig.7 Three-step ahead forecasting results of v(f) series

950 160 170 180 190 200
RURAE 5 RAE R
1— R R 2— T R
B8 v(n/A7IRH 1 FHRLR

Fig.8 One-step ahead forecasting results of v(¢) series

950 160 170 180 190 200
KOS5 Rt
1—JRER R 2— TR X
9 V() AFIRA S THRLER

Fig.9 Five-step ahead forecasting results of v(r) series



374 R REHER)

®a41 %

3 MUBEZMMERSH

KA EHIRE 01n THWHEIHREE 0,0 FHHITE
% oy MI¥ITRIRE o 4 DNTIKS VRN 8RR &
7~9 Fraatiigs RidEAT R, G3)~(6) HIFM TR R
Ha, WHERWE 1w,

1 HRAHETRER

Table 1 Forecasting results by optimization algorithm
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