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Fig. 1 Wind speed correction flowchart
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Table 1 Parameter tuning data for ws10 RNN
RNN  2:3%  #fithk/N RMSE MAE fRiIZiiesn
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3 0.0001 128 1.107  0.763 2
4 00001 256  1.104 0.763 4
5 0.0001 512 1.084  0.739 17
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7 0.0001 64 1.077  0.744 3
8 0.0001 32 1111 0767 12
9  0.0001 16 1.138  0.770 0
10 0.001 64 1.131  0.808 1
11 0.001 128 1.052 0772 12
12 0.01 256 1127 0979 2
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Table 2 Prediction error evaluation of ws10 across models
PEfE CMA-WSP2.0 Transformer — JEZRHE: Ry
bR BE FEETY s ) £ A 7l
RMSE 2.580 1.416 1.504 2.030
MAE 2.081 1.206 1.342 1.853

4 — WLME - NLinearTIIME  — - TransformerTiNI{EL

S 7[R CMA-WSP2. 0BT

~ 3 ‘ ‘I

gﬂ 2 f‘ ﬁ -

) . | .

{g g ! "‘w ' l r, " l [‘ A

g LR l' | il )\ ‘}1\»-‘.‘

=) ‘ hh it

= 7 Ll " wa' ’b' :‘l"' ,‘

E -1 w‘- 'y
see,z ‘1‘4"»” .ssﬂ:w

2022-09-05 2022-09-15 2022-09-25
AR i)

6 ALY ws 10 FINF 55 UL (EL AR P X L
Fig. 6 Time-series comparison of ws10 predicted and observed
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Table 3  Prediction error evaluation of ws100 across models
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Fig. 7 Time-series comparison of ws100 predicted and observed

values across models
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RESEARCH ON WIND SPEED DEVIATION CORRECTION BASED ON
MACHINE LEARNING METHODS

He Shanshan, Wang Jieru, Shen Yanbo, Gao Jinbing
(Public Meteorological Service Centre, China Meteorological Administration , Beijing 100081, China)

Abstract: By improving the forecasting accuracy of model products through wind speed deviation correction methods, reliable data
support is provided for wind power generation forecasting in wind farms. Taking the Lingchuan County Wind Farm in Shanxi Province as
an example, three machine learning methods recurrent neural network (RNN) , nonlinear model (NLinear) , and Transformer were
employed to establish wind speed deviation correction models for CMA-WSP2.0 model products. The results show that the results of three
methods are better than that of the original model products, and Transformer and NLinear perform better in improving the accuracy of
wind speed at heights of 10 m meters and 100 m meters, respectively. Therefore, machine learning methods can effectively improve the
quality and reliability of wind speed data, offering a more accurate data foundation for wind energy resource development and
utilization, power forecasting and other fields.

Keywords: machine learning; wind speed; bias correction; numerical weather prediction; wind farm; deep learning



