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A Wind Turbine Power Prediction Method Combining Data Cleaning and Parallel Spatio-temporal

Neural Network
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Abstract: Aiming at the problems of difficult identification of stacked outliers and insufficient extraction of
raw data features in the data-driven ultra-short-term power prediction of wind turbines, a prediction method
combining data cleaning and parallel spatio-temporal neural network was proposed. First,a combined data cleaning
method was proposed to clean the wind turbine power data; then, a parallel spatio-temporal neural network was
proposed to extract the temporal features of the power and meteorological data of the target wind turbine, and the
spatial features of the power data of similar wind turbines for the fusion prediction, respectively. In addition, a
prediction interval accuracy indicator was defined to reflect the accuracy of prediction results under different error
intervals, avoiding the drawback of traditional error indicators that obscure large local prediction errors. The
analysis results indicate that the proposed method can effectively identify anomalous data and improve the ultra-
short-term power prediction accuracy of wind turbines.
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Fig.1 Data cleaning combining clustering algorithm and

wind power conversion model
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Fig.2  Dataset reconstruction based on correlation analysis
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Fig.3  Parallel spatio-temporal neural network
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Tab.2  Error comparison of prediction results
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Fig.8 Curve chart of the experimental prediction results
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Fig.9 Boxplot of relative error distribution

A 9 J K 2 PEIA$5F5 0] LI Y, A SC
352 H 10 T8 I 23 ol 28 PO 2R AR IR 19% 1158 22 X [
T 2 R 38.69% , 31X 3% W AT 38.69% 1) 1l 2
5 EASE M 2ZREAEF /N R T PSTN A5 78 i
TR ER M . AN IR R R S 0
1) P B A 0T, T AR A A A T N {1 4 15 4% L g
FLSAA R P25 UE BT AR ) S e

S 1~ LB 4 I A S 50 K H A UE AT EE
THVE, P TR B A B . R T k2P e A R
() TRUINRS J82 , 556 5 R T3 7 L IR T K 5
BRE  AH T A S5 48 (B A BRIA s XU HL 2
B ) B S T EOTINDORG B R R R, SR 6



T

5 E A 5 AR E R AT IR A 2 W 240G R LR T TR

WA 20255 H55K F10H

TESEI: 5 LR T AR XU R e H A 28 o e 2K T ¢
Bty TR R RZEHE— DR, 7RI 9
PRI T 8 YR 22 X T
4.5 AXFEHITERES T

it — BB SO A AR TR R T5 Y
DUBAE AR SO B4 75 8 5 At D5 SA A i v
AL AT A~ By BEA TS RERS #E4T T AL

D) Bl i e B BE 551 4.2 95 p g XU —
N ABARHEA AT BN ZR R AR 235 Uk, A TR 4
PEVETT L RIAEI IR 3 s .

R3 FAEBEEBRAEHEN

Tab.3  Time consumption of different data cleaning methods
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Tab.4  Computation time for different neural network models
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