Operations Research and Fuzziology 2% 5#53§12%, 2023, 13(6), 5959-5968 Hans Y
Published Online December 2023 in Hans. https://www.hanspub.org/journal/orf
https://doi.org/10.12677/0rf.2023.136592

ETF R {EM B LS TMEZHA X R 7o)

2z K, Faat”
IRDURHEOC S # B, WIE BRI
Qg Tl IR R GRS B s, Wk i

Weks H . 20234F9H15H; FHHM: 20234F11716H; KA H#: 2023411 24H

H E

Erxt R ENLHH N IZ AT R SIR W S RENLE R A, 38— R FARER A K E R eIz & W
%, DARERGE B EMRENAEBTROREN. BASREETirE AR, DAREFHRE
FEBF bV K. PIFHLSTMHIIELREM SRS, RKEIBARALSTMMNE L 3T . &)54HFTLSTM
W £ BT T30 P XT3 B AE R SR AR AR S A 5 SE BB ZE B R I TB I, 8 AR B AR AR ZL 43 ) 3o 358 20 AR K{E
BAR/ME R TEAR PRI P . L RRE, M TFRAHLSTMER, ACRHEHETHR
EARAC LS TMAR 2 7E XGE T _E BLA E AR R

KA

RAERAL, LSTM, RUETM, LMLk

Research on LSTM Short-Term Wind Speed
Prediction Based on Extreme Value
Optimization

Lifu Liu?, Shihui Jiat2*

'College of Science, Wuhan University of Science and Technology, Wuhan Hubei
’Hubei Province Key Laboratory of Systems Science in Metallurgical Process, Wuhan Hubei

Received: Sep. 15, 2023; accepted: Nov. 16", 2023; published: Nov. 24", 2023

Abstract

Aiming at the problems of power fluctuation and randomness in wind turbine network operation,
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a long-short-term memory neural network based on extreme value optimization is proposed to
improve the accuracy of wind speed prediction and the stability of wind turbine operation. The
data is first normalized to get a better fit and prevent training divergence. Using the nonlinear fit-
ting ability of LSTM, the data is substituted into the LSTM network for prediction. Finally, in view
of the large difference between the wind speed sequence predicted by the LSTM network and the
actual value at the local extreme points, the extreme value optimization model is used to perform
arithmetic mean and geometric mean on some maximum and minimum points, respectively. The
experimental results show that, compared with the pure LSTM model, the LSTM model based on
extreme value optimization proposed in this paper has better accuracy in wind speed predic-
tion.
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Figure 1. Neural network structure
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Figure 2. Structure of recurrent neural network
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Figure 3. LSTM structure diagram
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Figure 4. LSTM loop layer deployment
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Figure 5. Comparison of LSTM observation value update networks
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Figure 6. Extreme points with large errors
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Figure 7. Extreme value optimization flowchart
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Figure 8. Original wind speed sequence
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Figure 9. LSTM network training progress
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Figure 10. Comparison of predicted curve and actual curve after extreme value optimization
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