n n SESGESREET o« 2ESREOET
‘ 7 n SERFZLET n SEFMEEEET

MODERN ELECTRIC POWER " PPt ® (CAICDHIE) FUTHEET

A=

T T 3RS T A SRR H S A X T e T

E e&F B MREF HME

Short-term Wind Power Prediction Based on Principal Component Analysis and Spectral Clustering
MEI Rui, L Zhiyong, GU Wen, YANG Hongyu, XIAO Peng

FIUHAASC:

Migs, B, C, AF. T 3RS o A RN SRS A I Lm0 0], BLACHE U7, 2023, 40(1): 35-41. DOI:
10.19725/j.cnki.1007-2322.2021.0269

MEI Rui, L Zhiyong, GU Wen, et al. Short—term Wind Power Prediction Based on Principal Component Analysis and Spectral
Clustering[J]. Modern Electric Power, 2023, 40(1): 35-41. DOI: 10.19725/j.cnki.1007-2322.2021.0269

TELR R BE View online: https://doi.org/10.19725/j.cnki. 1007-2322.2021.0269

LT ARG A S R

Articles you may be interested in

BT IR DAL A DY 5 10 P S A

Power System Static Equivalence Based on Spectral Clustering and Power Transfer Distribution Factors

BUACHL /7. 2018, 35(3): 24-31 http://xddl.ncepujournal.com/article/Y2018/13/24

TR T WL A A R 22 0 25— R SO 12 I 2% 114 e S8 IR, D R
Short—-Term Wind Power Forecasting Based on Attention Mechanism of CNN-LSTM
BUACH /7. 2022, 39(2): 212218 https://doi.org/10.19725/j.cnki.1007-2322.2021.0108

LTI e ik DAL > 1 XU D 38 4 Tl 5 5
Wind Power Combination Prediction Model Based on Time Series Decomposition and Machine Learning

PRARHL 7. 2022, 39(1): 9-18  https://doi.org/10.19725/j.cnki.1007-2322.2021.0073
BETARZ MW 5 4% 3 o3 53 B A DXCIBE L I 25 5 P O 1

Evaluation Method of Area Distribution Networks Based on Nonlinear Mapping and Kernel Principal Component Analysis
B /7. 2020, 37(5): 463-469  https://doi.org/10.19725/j.cnki.1007-2322.2019.0087

BE TR A R A A S 1o P o 22 I 248 O A B G AR T 3 T

Short—Term Photovoltaic Power Prediction Based on Back Propagation Neural Network Improved by Hybrid Sparrow Algorithm
BURCHL 1. 2022, 39(3): 287-294  https://doi.org/10.19725/j.cnki.1007-2322.2021.0113

HET Bt 2 35 S KR T B XU ) R S
Real—time Prediction of Wind Power Based on Error Following Forget Gate—based Long Short—term Memory
BUACH /7. 2021, 38(1): 110-118  https://doi.org/10.19725/j.cnki.1007-2322.2020.0200



ERNESE B
2023 4F 2 H

K B A

Modern Electric Power

Vol.40 No.l
Feb. 2023

XERS: 1007-2322(2023)01-0035-07

NEktRE: A

FESES: TM614

BT ERS SRR E BRI E B

wA, BFF2 X', HEF', HE'
CLIEHR 7 R S ARAT AT, VEHA HI 50l 2111005 2. f 50K BB S REURRFICBEAT IR A ), YA 5071 210000)

Short-term Wind Power Prediction Based on Principal Component Analysis and

Spectral Clustering

MEI Rui!, LU Zhiyong?, GU Wen', YANG Hongyu!, XIAO Peng!
(1. Jiangsu Frontier Power Technology Company, Nanjing 211100, Jiangsu Province, China; 2. Nanjing Dongbo Smart Energy

Research Institute Company, Nanjing 210000, Jiangsu Province, China)

BE: KA IR BB KA BB RO,
PRAIE RGN % Ae g 1847 BORRLIH AN, 7 20 XU D
FTTN o Shyfife phe A2 8 T 75 v w00 A oo v A TR A, 4
H— i 2 A R SR A T R R A 0 5 vk
T, BT T R IUX L 35 & LA DT A B S
gr, SEHN DIRAEAE AT R R Hak, R
DR 5 Bl A HILLE 9 23 ) A A, Xk XU A R A T
R, DISCHUREA R Rt — PR RS, SR TR
REWEE SN REER, @I T Elman #1280 4%
PR R R I 25 3 TS Y, S e 308 2 e 2 A 1) XL R
Y& ML DA A BN A S . A RT3 g 0L XU 35
PRECUESIEIZ T, S5RERET, PUNES R BB 7 iRIR 22 W]
SRR, T4 7 T LA e KU DA RS 2

KR K DRRIM; RS0 RIS SR,
Elman 128 M 4%

Abstract: The large-scale construction of wind farms leads to
evident increase of wind power penetration. To ensure secure
and stable operation of power grid and the accommodation of
wind power, it is necessary to predict the wind power. To cope
with the defect of too high data dimension in traditional predic-
tion method, a prediction method, in which the data dimension
reduction was performed was based on principal component
analysis (abbr. PCA) and spectral clustering (abbr. SC), was
proposed. Firstly, on the basis of PCA the principal component
of power sequence of each generating unit in the wind farm was
extracted to implement the dimension reduction of power
sample information and the predicted object. Secondly, consid-
ering the fluctuation characteristic of wind speed and spatial
distribution characteristics of each generating unit, the spectral
clustering of wind speed information was conducted to realize
further dimension reduction of sample data. Finally, based on

the principal component information of wind power and the

AR F7,2023,40(1)

result of wind speed clustering an Elmer neural network-based
wind power principal component prediction model was estab-
lished, and by means of the inverse transformation the power
prediction result of each generating unit in the wind farm was
finally obtained. By use of actual data from a certain offshore
wind farm in Nantong, Jiangsu Province the established meth-
od was verified. Verification results show that using the pro-
posed method the predicted accuracy of wind power can be im-

proved.

Keywords: wind power prediction; principal component ana-
lysis; spectral clustering; data dimension reduction; Elman

neural network
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