Applied Physics SIFI#J#E, 2024, 14(12), 765-771 Hans i
Published Online December 2024 in Hans. https://www.hanspub.org/journal/app
https://doi.org/10.12677/app.2024.1412082

ETLSTM-ELM#RZ! g9 X B H¢A B FGHATh Z=

U5

AR, FRE, FHB, FRE, FRL, Fkd', ZFRY

TURERITKEARAT, TR M
RF KRR S I EEEBE, {105 P AL

Weks Hi: 2024411 H1H; FHEM: 20244F12A3H; KAAHM: 20244¢12H11H

H E

RIE AR e AR AR BN AR R RE 2B KRB, IRl Gexd s Mk mitsh, ¥
B D (VR R R . SEXTIXEEAFIRE M, R T —FETKEHEAZM S (LSTM) IR FR 2 S HL(ELM) B R
F LA B AT R IR R . E R AT TR, SRR EBEIEM TR Rt . & 5eF
FA R L X P 5B 7 5 3048 2 SC LS TMAR B T F — /N B A B (15 min) O RGE; SR FIAMR. £
. GRA. KBNS R EEIEA BN REE LR A TR TMELMER . &6 BENERNEY
SEREIESHT, T RARE TR PR AR T R T LA R, TR AR MR ek
M EEEFEER X

X< i

KEMAZMLE, WREIN, XEByA, 8, R

Research on Ultra Short Term Power
Prediction of Wind Turbine Based on
LSTM-ELM Model

Yuanqiang Wang}, Jiafeng Li1, Qiupeng Lil, Junjian Liang}!, Jiahua Dong?, Changnan Su?,
Bubin Wang?*

'Guangdong Province Wind Power Generation Co., Ltd., Guangzhou Guangdong
2School of Energy and Environment, Southeast University, Nanjing Jiangsu

Received: Nov. 1%, 2024; accepted: Dec. 3", 2024; published: Dec. 11, 2024

EHAEE .

XESIH: Fouim, S5, FRM, BRI, ERE, KR, EER. AT LSTM-ELM BERY ) X R HLZH 8 58 B T 2
TR FE0]. N Y, 2024, 14(12): 765-771. DOI: 10.12677/app.2024.1412082


https://www.hanspub.org/journal/app
https://doi.org/10.12677/app.2024.1412082
https://doi.org/10.12677/app.2024.1412082
https://www.hanspub.org/

FIuik 5F

Abstract

The instability and irregularity of wind speed make the power generation of wind turbines show
large volatility, which may cause disturbances to the power grid and increase the difficulty of grid
scheduling. Aiming at these unfavorable effects, an ultra-short-term power prediction model for
wind turbines based on long-short-term memory network (LSTM) and extreme learning machine
(ELM) is proposed. By predicting the power output of the turbine in advance, the volatility problem
caused by the grid integration of wind power is mitigated. Firstly, the LSTM model is established to
predict the wind speed in the next dispatch cycle (15 min) by using the historical sequence data of
wind speed of wind turbine; then the ELM model is established to predict the ultra-short-term
power by using the historical data of measurement points of impeller, main shaft, gear box, gener-
ator and other equipment, as well as the predicted wind speed. Combined with the data analysis of
a wind farm in China, the prediction results and error analysis show the effectiveness of the pro-
posed method in ultra-short-term power prediction, which is of great significance for improving the
stability and reliability of the power grid.
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Figure 1. LSTM neural network
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Figure 2. ELM neural network
2. ELM #1224

2.3. REEHABEHATIRFNESR

FEF LSTM-ELM [ X R AL AR 0 D) R PR AR an 1] 3 o o 1 5% SCADA R 4t [ s
Fe AV B HEAT S AR VE A R AB AL B, BETITRI ] LSTM A28 P 28 5 37 KU AR AL . 285 AL SCADA
R AL RE L AR R . SRR IR S OV RAE LA IS ITIRE SRR, SaS 5 1
B AN TR R £ 57 B D) 2 T ELM %Y . ELM 1E R SRl 2 M AT 2 m 2%, H M s m i
PRI IRCRAR SR BEBSE A . AR ST FRINS, U DL I 2 R AT RS 2 HOm 1 JGE R
VL TPANG S P (e S N (NN DN PP S UL

OB LSTURRRADE - FORRE

| SCADAMGE | BULRESH o ELMIEE

Figure 3. Predictive modeling overall process
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Figure 4. Wind speed prediction results
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Figure 5. Power prediction results
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