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Wind power prediction based on CW-EMA decomposition and
combined neural network

Wang Wenxue' Qiao Yanjun’ Kou Zhiwei' Cui Xiaoming' Ren Gang'
(1. The College of Electric Power, Inner Mongolia University of Technology, Hohhot 010080, Chinaj;
2. Beijing Energy International Holding Co. , Ltd. s Northern Branch, Hohhot 010000, China)

Abstract: Wind power output exhibits significant volatility and randomness, posing challenges to grid scheduling and
wind power integration. To enhance forecasting accuracy, this paper presents CESF-Net, an ultra-short-term wind
power prediction model that combines channel-wise EMA decomposition with a hybrid neural network. First, the
model employs the density-based spatial clustering of applications with noise (DBSCAN) algorithm to identify and
remove outliers in the wind speed-power relationship, and uses linear interpolation to impute missing values. Second,
CW-EMA is applied to decompose multivariate time series into trend and seasonal components along the channel
dimension. Then, a time-series segmentation mechanism is introduced to enhance the model’s ability to capture local
temporal structures, and a dual-stream network based on fast fourier transform attention and gated recurrent units is
constructed to separately extract seasonal and trend features. Finally, the outputs of the dual streams are concatenated
to generate the prediction through CESF-Net. Experiments conducted on real wind farm datasets demonstrate that, for
the 15-minute forecasting task, the CESF-Net model outperforms commonly used models by 18.78%, 11.11% and
0.26% in terms of MAE, RMSE and R’ respectively. For the 60-minute forecasting task, although the prediction
accuracy of all models decreases, CESF-Net still achieves improvements of 2.98% ., 2.74% and 0.61% in the
respective metrics.

Keywords: channel-wise exponential moving average decomposition; FET-Attention; time series segmentation; wind

power prediction
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AR FR AL {51 R FREL fH
S 0. 86 Ds, —0.42
Sso 0. 89 Ds, —0.43
S 0.91 D, —0. 43
Sso 0.91 L —0.02
S, 0.91 S —0.15
Dy, —0.41 W RE —0.01
D, —0. 40 B) 1.00
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Table 2 Wind power forecasting results of CESF-Net and
= 150 N1 under different initial values of a
§ B o WA MAE/MW  RMSE/MW  R?

®i00 - CESF-Net oo 7.721 15.106  0.947 3
N1 7.758 15.175  0.946 5
S0 CESF-Net o 7.654 14.960  0.948 3
N1 7. 686 15.013  0.9470
oF | . . . | CESF-Net 06 7.603 14.894  0.948 8
0 > JT(IL(;')!E/(m-S")IS 20 » N1 7.638 14942 0.948 4
CESF-Net 7. 589 14.867  0.949 2
M7 BRI N1 0-8 7.605 14.885  0.948 8

Fig. 7 Results of missing value imputation
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Table 3  Ablation study results of CESF-Net

15 Y MAE/MW RMSE/MW R*
CESF-Net 7.589 14. 867 0.949 2
M1 7.676 15. 021 0.947 5
M2 7.629 14. 837 0.948 1
M3 8.108 15. 734 0.942 8
M4 8. 959 18. 373 0.922 1
M5 7.921 15. 217 0. 946 6

}i % CESF-Net £ MAE.RMSE #l R® 77 1 4+ % A
7.589 MW .14. 867 MW F1 0. 949 2, % {k B % £,

MR CW-EMA 7 ff B2 3 (MD) B, MAE 7+ &
7.676 MW.R” B2 0. 947 5., 3¢ WA 120 He Xt HRAF A 48 5 K
Wk AR R TE 1) R 5 2 B R A L AR 4 (MI2) S5 A
SR RMSE M P REA T T+, 0 MAE 5 R* B9 PEREEB7E T
o 100 I R fef EEL o 2 0 7 A IR J) 3508 SR 0 e R AR A oy Ty
WA E A — . 2Bk F 510 2 Be e (M3) )5,
MAE Fh5 & 8. 108 MW , 45 AU 4 B8 T ¥4 B8 ot B 2 , 8 B i
(B 7751 53 BE AT BT Jm B i e A =X i

TEAL AR B M A e (M) IF, MAE I RMSE _ETF &
8.959 MW A1 18. 373 MW,R” [# 2 0. 922 1, F Bk AR Lk
P AR BE J 23 7™ B R R TIOIORG 5 5 AR BR AR LM IR (MS)
w2 E MAE(7. 921 MWO RS T M4, (HE (& R® {5 =
0. 946 6, Uit 2 1 15 Al 2 P ABE Mo P ) S A2 2 TH R A 1 i
) e
3.8 TS EE LG

SRS UE CESFE-Net A58 (14 TR0 44: B . 4 A SCRE AL 58 Dl
Y P J5 3 CNNEY | LSTMPY | GRU™ | CNN-LSTM™ |
Transformer™ JE4T 2 4 TN SC86 4T H . TN 4B K 20 51
1,248,384 48, LImEERNFE 4~7 K 10 iR,

FA~T JBIR T A BLBIAE 15.30,45.60 min [ XL I
RHMWLER . 7€ 15 min MM 2K T, CESF-Net [ #
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Table 4 One-step forecasting results

) . MAE/ RMSE/ ,
I} ] Tk R’
MW MW
CESF-Net 3.489 6. 463 0.990 4
CNN 9.241 16.171  0.939 7
) LSTM 6. 487 11.272  0.970 7
15 min
GRU 4.424 7.970 0.985 3
CNN-LSTM 5. 376 9.011 0.981 3
Transformer 4.296 7.271 0.987 8
x5 25 MNUER
Table 5 Two-step forecasting results
‘ . MAE/ RMSE/ .
IF ] Tk R’
MW MW
CESF-Net 6. 498 12.007  0.966 7
CNN 11.706 20.592  0.902 2
) LSTM 9.076 16.125  0.9400
30 min
GRU 7.562 13.753  0.956 4
CNN-LSTM 8. 069 14.250  0.953 1
Transformer 6. 964 12.555  0.963 6
x6 ILMMER
Table 6 Three-step forecasting results
MAE/ RMSE/
T[] ik R’
i MW MW
CESF-Net 9. 056 16.612  0.936 3
CNN 13.679 24.069  0.866 3
) LSTM 11. 354 20.482  0.903 2
45 min
GRU 9. 864 17.935  0.925 8
CNN-LSTM 10. 286 18.328  0.922 4
Transformer 9. 452 17.168  0.9320
R7T 4TTMNER
Table 7 Four-step forecasting results
MAE/ RMSE/
R [ % R*
11 2 MW MW
CESF-Net 11. 312 20.665  0.901 5
CNN 15. 472 16.950  0.832 4
) LSTM 13. 669 24.560  0.860 8
60 min
GRU 12.132 22.044  0.887 8
CNN-LSTM 12. 497 22.384  0.884 4
Transformer 11. 660 21.220  0.896 1

FEINH B i RO TN PR BE . B 2 R IED 2B K A AR AL L AR TR Y
THKG B #8428 4k, {H CESF-Net £ 54K 8K {5 5 25 fe A1
RUKERE . 7E 60 min A9 T A K& R, CESF-Net 155 £ %) 45 1
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Fig. 10 Wind power forecasting results of different models for the

next 60 minutes
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