38 453 o B F 2% 5 i B R Vol. 38 No. 3
2021 53 A MICROELECTRONICS & COMPUTER March 2021

S| MBS, 2%, AR, 5. JE T R RRAG PR 28 W 26 () KU D 28 T30 [T, 3l 2% 5915801, 2021, 38(3) : 27-32.
[TIAN Z Y.PENG F,MENG Q D, et al. Wind power prediction based on denoising recurrent neural network model[ J ]. Mi-
croelectronics & Computer,2021,38(3):27-32. ]

T BE MR 1B IR 18 22 0 4% B XU FR T 22 ol 1

HEE .Y CWL.EARLERFELHKELKIE
(1 ERBRAR RIS ILF S 1101805
2 ERLEBE YR BRSO T AT PR A 7 0T PEBH 11016815
3 REEFLT R Bfbaabe . 107 RiE 116620)

W OE. AT o SRR B T MR R AR R 0 TR W A A w3 v AR ) e R T R FEAT TN A
BAGSEZELESN R RER ) ZANEREE b AR EA S AR ER B ENENE-—NRD—
A 2 A T S A B N T B R B P R A L R A, T I AR AT B R R AR FEAT D R N T A R
AT T — Bt 20 8y 4 . 20 L AR AL AR AT B P T PR R AR B R WA B, 5 R — AR R A B 4 R DAt A R A
B HEFEAT T By 2] L, AL AL B4 X & "% 5 I N R B HEAT 7. B I R A Bk BT R B B B3R R AT
B, 5 RAE P 4R W B 07 ok A AR A % WUV o SR IR AT TN L 3k B AHT B TOM 2R

SRR . UL TN 5 B T B T S A A G A A A 5 TR R PR R 4

hE4 %S, TPI1S] XkRIEEG . A XEHS: 1000—7180(2021)03—0027—06

Wind power prediction based on denoising recurrent
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Abstract: Aiming at time series characteristics of wind power data, the Denoising Recurrent Neural Network model
is proposed to predict the wind power in the short and medium term of the electric field. Through the model, the
knowledge contained in it can be mined to improve the stability of the power system and optimize the power
dispatching. An encoding-decoding structure is first designed in the recurrent neural network model, and the
encoder is designed to obtain corresponding depth features from the sequence variables, and then the decoder decodes
the depth features,restore the state of the input sequence and makes a prediction. Furthermore, the model designs
the denoising module and prediction module in the decoder to overcome the difficulty of predicting noisy data with
traditional recurrent neural networks, enabling the model to analyze input variables containing noise. By using the
data collected by the power Internet of things to conduct experiments, the results show that the proposed method
can forecast the wind power well and achieve a better prediction effect.
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