$53% 9519 1) wARERY HER Vol.53 No.19
202510 1H Power System Protection and Control Oct. 1, 2025

DOI: 10.19783/j.cnki.pspc.241547

1 eE BB AT BAX BB TR FAM|: —Fh PatchTST-POA-
VMD-iTransformer ;& &=

NFF, & F, ELE, Ty, HLH

(bR Ak K oA TSR, T M 450045)

WHE: BT KRB KRB BUR =, X% DDA B TR B R, AR R TR R LAX R )
it ThAHEAT AR TN, O HE LA B TR Z AT A RUE IE . £1%F Bk inl &, $2H 7 — b PatchTST-POA-VMD-
iTransformer JR-& TMIAEAL . 156, HET 7R /R SAHK RECEHAT RAUFHE S5 R DI AR A 4, 58 eidi
JRIEAITAL IR . A5, TN PatchTST X R R4 DI Z AT YR TN, BBWRE TR DR R . )5, R
A4 B 1% (pelican optimization algorithm, POA)AY (138475 73 fiff(variational mode decomposition, VMD)X X\ Hi 75
MR Z P FIHAT 7, FEH iTransformer X4 ff G MR Z P AT TN . &5, ¥ CIRSRIPIE D)2 7 &
SREF TN RARES &, A3 B4 XL DD Z A5 AL o b S g AIxT Lo sede 25 SR WY, PR AL A B
PR TR R 2 AR FRVZ AL RE AT, BRI R T 30 X F, T 25 T £ s AN ] S

KSR AHDIAT; PatchTST; HEMSMALEIL; AR/ iTransformer

Enhanced ultra-short-term wind power forecasting: a PatchTST-POA-VMD-iTransformer hybrid model

LIU Xinyu, PAN Yu, WANG Yahui, LI Jifang, YANG Wenjing
(College of Electrical Engineering, North China University of Water Resources and Electric Power, Zhengzhou 450045, China)

Abstract: Due to the high sensitivity of wind power generation to weather changes, the output power of wind farms
fluctuates significantly over time. Traditional prediction models struggle to accurately forecast wind farm output power
and effectively correct wind power forecasting errors. To address these issues, a PatchTST-POA-VMD-iTransformer
hybrid prediction model is proposed. First, the Spearman’s rank correlation coefficient method is employed for
quantifying the correlation between weather features and wind power, enabling data screening and preprocessing. Then,
PatchTST is introduced for preliminary prediction of wind farm output power, yielding initial power forecasting results.
Subsequently, pelican optimization algorithm (POA) optimized variational mode decomposition (VMD) is used to
decompose wind power forecasting error sequence, and iTransformer is applied to further predict the decomposed error
sequence. Finally, the preliminary power forecasting results are combined with the predicted error sequence to obtain the
final wind power forecasting results. Ablation and comparative experiment results demonstrate that the proposed model
achieves lower prediction errors and superior generalization ability, effectively improving the accuracy and reliability of
ultra-short-term wind power forecasting.
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Fig. 1 Framework of ultra-short-term wind power forecasting
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results for various models
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Fig. 5 Ablation experiment results for wind power forecasting
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Fig. 6 Comparative experiment results for wind power forecasting
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