B33 1 (77 DO NEE S Vol.33 No.l
20194F 1 H Journal of Hunan University of Technology Jan. 2019

do0i:10.3969/j.issn.1673-9833.2019.01.007

He T 3R URIDR 2208 E SEiRA KUY ) =4 il

FEE, Eftie, K8, KEF

Cibrg Tl 2% WA S5 R TR2ARE, WIRS BRYI 412007 )

B E. ATREHRANE—F 50 R TR EEAE A, 38— 3R R TETHIL I IFaE
UL AR A5 B ka9 42 0 R o, o R TR 400 ik i??)‘ni‘ﬁ?@)ﬂ’}?a’z AT M Ao e ; Rt F 8
Foikst L@ ENARKBAT TR, TR 47— kTN, @id Z2AEA Fk st — R ATk, K3 %
wRA R, FIAHFEE] — R TRMAR £ RS, ARR EGEE Rt — KT R 2 BATIS B, 33 R TIMAE, 5
AAeml KR A, MR THGG 20k, SRRk BT IR 5 TN A,

KEIR: Kby FHnl; BFHEFH; LFmE; REGE; MG &

FESES: TM614 Iﬁkﬁ?ﬁ'ﬁﬂ A MEMRS: 1673-9833(2019)01-0043-07

SIxigs: T4, Esid, KR, . AT IAHE@SIAR LG E R0 R 48z 7l [1]. ¥4
B Tk K IR, 2019, 33(1): 43-49.

Short-Term Wind Power Prediction Based on SVM and Error Correction Algorithm

WANG Jianhui, KUANG Honghai, ZHANG Hanchao, ZHU Guoping
( College of Electrical and Information Engineering, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: A new short-term wind power forecast combination algorithm, which is based on particle swarm
optimization and support vector machine (SVM), combined with error correction algorithm, has been proposed. Firstly,
an analysis and cleaning have been made of the original data; then an optimization can be achieved of the parameters
of support vector machine by particle swarm optimization algorithm, followed by a prediction of the wind power. The
empirical modal algorithm is used to filter the primary prediction to achieve the effect of noise reduction, thus working
out the primary prediction error. Finally, the error correction algorithm is used to correct the one-time prediction error,
thus obtaining the final prediction value. The simulation and test results show that the combined algorithm can improve
the prediction accuracy better than the traditional single algorithm.

Keywords: wind power prediction; particle swarm optimization(PSO); support vector machine(SVM); error
correction; prediction method
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