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Wind power forecasting based onVMD-TCN-NTSformer integrated with
frequency-enhanced channel attention mechanism

Yang Qinghao Zhang Jiaying

(Institute of Electric Power,Inner Mongolia University of Technology, Hohhot 010080, China)

Abstract: To address the non-stationary characteristics and multi-scale dynamic evolution of wind power time series.
this study proposes a hybrid prediction model named VMD-FECAM-TCN-NTSformer. Firstly, Variational Mode
Decomposition (VMD) is employed to adaptively decompose the original power sequence in the frequency domain,
effectively separating noise interference and extracting multi-scale dynamic intrinsic mode functions. Secondly,
Temporal Convolutional Networks (TCN) are used to hierarchically capture local temporal features through dilated
convolutions. Meanwhile, the NTSformer utilizes a de-stationary attention mechanism to dynamically correct
normalization bias, thereby enhancing the modeling of abrupt trends and periodic fluctuations. Furthermore, a
Frequency Enhanced Channel Attention Module (FECAM) is introduced to extract frequency-domain features via fast
Fourier transform and dynamically assign channel weights to focus on key frequency components. Experimental results
show that the proposed model improves the coefficient of determination R* by more than 17% compared to traditional
CNN models and by more than 5% compared to Transformer-based models, in both 15-minute single-step forecasting
and 60-step (15 h) multi-step forecasting. These results demonstrate the model's superior prediction accuracy and
robust forecasting performance.

Keywords: windpower forecasting; temporal convolutional network; VMD; frequency-enhanced channel attention

mechanism ;non-stationary Transformer;prediction model
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Table 1 Statistical information of differentdatasets
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Table 3 Performance indexes of different models

BMATE mNL K R? MSE MAE
" 15 min 0. 966 0. 408 0.497
A SRR
15 h 0.910 0.468 0.528
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Table 4 Performance indexes of different models
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Table 5 Performance indexes of different models
T A5 MAE MSE R’
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VMD-TCN-NTSformer-FECAM 0. 489 0.603 0.931
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TCN-NTSformer-FECAM 0.475 0.641 0.944

St st R LW, R4 CEEMDAN 7 — & B - # 7+
TRRAESR BURE 7, FLIIU A BB A T AR SCER Y VMD
fift 7% . VMD 764 80040 B A0 R A5 B 5 5 AR SR & 07
RIEA, HAH VMD BRI LE R® #4r LS 0. 931
2R B, 32 WS A A6 Al AR PR T R e RUEE A
RAFAE T 0BG RIFCR . 59—, R H FECAM #
AIFE R® #8405 1353 0. 944, W& F H A A VMD, 156 85 B 3
TEARFEATRZS S 105 00 T . FECAM 3 5538 3 3 38 A
LA R0 30 5i ASE A S S S 01 2 R AE ) R ARG g . T AR S
P2 1 1Y S BB AR TS 8 4w L B R BB AR, S0 0E T I Rl AL

TS R 5 REAE 3 S O TR B TR 5 4R A i T
TR H Ty 2R AR A (4 B S R E

25 L] f3, FECAM H ZE I HLHI S VMD 4 it 245 &
A T B R AE S O B B R
3.6 THBLSSIG

4 F S 3 X LB AE FECAM 5 NTSformer 19454, fig
i T 4 17 M2 B IR L ) 36 4 i 22 RBE g 7 R AR R AR
SERLRRAE B G0 4R TR R T SR Y s R B L 25 R
6 Fﬁ%,AI&)‘L‘FJ?&%tHE’J*ﬁiﬁmﬂiﬁ%LﬁxﬁTﬁ%ﬁtﬁﬁﬁ
W BE . MSE 2~ 0. 408,R” ik 51 0. 966, 78 A A X He AR L
T ML, AR T A 75 B (] AR 45 48 19 NTSformer

« 51



949 B 2 F o

T # K

BRI, AR ) MSE A% T 0. 005, R* 3T 4. 4 %0, 5 HA
A TCN 5 FECAM B 5 , #5878 X6F J5) 35 i )3 R AiF 5 450 252
RO EERTRE ) B E R, I — P R R A A S T
VL& B : TCN-former 8 (HI 8 (i FECAM #2807 MSE
IR 43504 0. 419 F100. 951, Ud WA ek vE 25 1 ML %
RIERE U A & 2 E s TCN-FECAM ¢ 18 (% BR
NTSformer) FIAELH , R® [ 0. 934, UL fE 6 Z £ FFa
AR HLE T AR AR R o) R P SR A BE T
R MNIEL O T i1, 74 ST 48 A4 5 T8 A DXL EE By 3R 30 0 X
e {01 AL, 3 B4R 25 F A A T AR R
WRAGERAS 55 2 P AR AR 3 P RE 7, DT A B A 1k B AN 3 S
BEA AL BRAE 1 B ¥R B B A

xo6 HELZINEREIES
Table 6 Performance indicators of ablation experiments
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Table 7 Performance indexes of different models

BMALRS PO K R’ MSE MAE
” 15 min 0.941 0. 539 0.612
AR ST .
15 h 0. 825 0. 603 0. 668
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Transformer
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Autoformer
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TimeNet
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GRU
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15 h 0.71 0.723 0. 754
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