5539 B S M Erl fiE 5l Wi T i Vol.39,No. 5
2024 £|3 5 H JOURNAL OF ENGINEERING FOR THERMAL ENERGY AND POWER May. ,2024

O e s S S )

ETOBE R BOAR T 1001 ~2060(2024)05 - 0143 —07

e e oo

ETRNFARNXFRELRFR O Z BN S E

YET BT
(BERTEwhARAG T7EEHBEEEH PO, 7E 4R 750001)

O OE.AEAMAGRAR R AT RERA L RAERBEFR BET - TFHENLERREE R G Ew)
BERL GG A R A A, oy T ok % kv e A e AL AR RL G K ah xR A b v B R AT R AR E &
PEARAE R T AR IR R 230 MERRBFEES A RRFEES WA LT ERDIEY AR I LB FH
T, AR R A AN AR SRR TR R 5 AT, FR R A AR T kA R REALARARBE A R S
FRIGIREG T FMAEE, P LR EEAILT 19.67% ;400 TR mib 2 MAA KX AR ERERAESHE
R B, KR T A L X EAR AT ENINAN N, AL ES RARN L LA EHHTN, EARAER

g 32 it Fe S FRFE L,
% R KR DI ; SRR T ; BEHLAR AR
FE 5SS . TP391 SCERFRIRAG A DOI:10. 16146/j. cnki. rdlge. 2024.05. 016

[SIAZAER ] Za T, RE T . FETROYLARMOR SR ) i 813 A XU & B B0 33 [ 0] $ARE 3 01 T2 ,2024,39(5) : 143 - 149.
PENG Jianing, XU Heyong. Wind power prediction algorithm based on random forest and support vector regression|[ J]. Journal of Engineering
for Thermal Energy and Power,2024,39(5) ;143 - 149.
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Support Vector Regression

PENG Jianing, XU Heyong
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China, Post Code: 750001 )

Abstract; To achieve accurate wind power output prediction and ensure the stable grid connection of
wind power generation systems, an accurate wind power prediction algorithm based on the random forest
model and support vector regression model was proposed. The algorithm was based on regression trees and
random forest models to evaluate the importance of factors affecting wind power generation ; based on fea-
ture selection theory, an optimal feature set was constructed; the optimal feature set was input into the
support vector regression model to predict wind power generation. In order to verify the validity of the al-
gorithm, this paper used actually measured data to carry out experimental analysis. Experimental results
show that compared to using the random forest model alone, the algorithm significantly improves the pre-
diction accuracy with a reduction of 19.67% in average absolute error; compared to the long short-term
memory neural network model, the algorithm achieves the same high accuracy while significantly reducing
the model complexity and training time required. The algorithm can achieve accurate wind power predic-

tion, which has important theoretical and practical significance.
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Fig. 1 Feature importance assessment model architecture
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Fig.2 Support vector regression model
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Fig. 4 Feature importance weight distribution
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Fig.5 Validation set experimental result
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