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Fig.1 Basic structure of established model
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Fig.3 Forecasting error distribution curves of
different models
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Table 2 Point forecasting results of ablation experiment
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Fig.4 Wind power forecasting performance of proposed

model under extreme weather condition
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Table 3 Running time of different point

forecasting models

TR YR / h MRS / s
TCN 0.58 2.0
LSTM [ 2% 0.11 1.7
Bi-LSTM % 4% 0.16 1.7
DALSTM % 4% 0.31 3.0
SATCN-LSTM %% 0.49 3.8
TACBI-LSTM M 4% 1.60 8.2
MASTCNN-LSTM % 4% 3.40 12.0
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Ultra-short-term wind power forecasting based on adaptive time series
representation and multi-level attention
ZHANG Yue,ZANG Haixiang, CHENG Lilin, LIU Jingxuan, WEI Zhinong,SUN Guoqiang
(College of Energy and Electrical Engineering,Hohai University,Nanjing 211100, China)

Abstract: In view of the problems that the multi-scale time information in wind power data is difficult to
describe and the existing methods fail to fully consider the dynamic coupling effects of meteorological
factors on wind power, which lead to forecasting performance degradation, an ultra-short-term wind power
forecasting method based on adaptive time series representation and multi-level attention is proposed. The
wind power sequence is represented by the time embedding layers to obtain its periodic and non-periodic
patterns, and then the self-attention is introduced to capture the autocorrelation of the high-dimensional
wind power sequence. The wind power and meteorological factors are reconstructed by cross attention to
form a multi-dimensional feature sequence containing the coupling relationships between them. One-dimen-
sional convolutional neural networks are used to mine both temporal correlation and spatial correlation of
the multi-dimensional feature sequences along the time direction and feature direction respectively. Then,
the corresponding temporal features are extracted by the long short-term memory network,and the obtained
temporal features are denoised by the global attention and integrated by the gating mechanism, which are
then fed to a fully-connected layer to generate point forecasting result and interval forecasting result respec-
tively. Experimental results show that the proposed method can obtain both accurate point forecasting re-
sults and reliable forecasting intervals.

Key words: wind power; ultra-short-term forecasting; multi-level attention; deep learning; spatiotemporal corre-

lation ; point forecasting;interval forecasting



MisR A

Rt S 51 -4///”\\_*/}~*

"—’—-72_ »
VY Vv
. Time2Vec N
v i v
sin(@,7 + @,) v o,T+ @,
AWBL e PR e, LR,

[ Vs I! v :
) - - - .
FAR R ) R TimezVeodh B & RIS B

e 1melVecy; = = ]
. i —_—— b RIEFESIBHRIR S g R -

Al  EF Time2Vec BN BB IIRFFIRR
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Table B1 Interval forecasting results of different models under three confidence levels

. PINC H 90% PINC 4 85% PINC 4y 80%
i
€acE Weinaw Sws €acE Weinaw Sws €acE Woinaw Sws
QR-TCN -1.0377 0.1289 -1.9795 -6.8149 0.1070 -2.7268 -9.7075 0.0905 -3.4123
QR-LSTM -0.8173 0.1190 -1.7611 -2.4279 0.0900 -2.2290 -4.5393 0.0736 -2.6507
QR-Bi-LSTM -1.3782 0.1142 -1.7924 0.6370 0.0933 -2.2960 2.0713 0.0800 -2.6769
QR-DALSTM 0.5849 0.1175 -1.7032 0.9575 0.0946 -2.1806 -0.0921 0.0742 -2.5186
QR-SATCN-LSTM 0.7252 0.1160 -1.6987 -3.3093 0.0892 -2.1392 -6.9231 0.0728 -2.5197
QR-TACBIiLSTM 2.2877 0.1261 -1.7842 3.6819 0.1048 -2.2857 0.0681 0.0818 -2.6959
QR-MASTCNN-LSTM -0.2764 0.1126 -1.6357 -0.3245 0.0808 -2.1216 2.5321 0.0718 -2.4048
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Fig.B2 Prediction intervals generated by different models under three confidence levels
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Table B2 Interval forecasting results of ablation experiment
- WL PINC 4 90% PINC Jy 85% PINC Jy 80%
€ACE Whinaw Sws €ACE Whinaw Sws €ACE Whinaw Sws
A Time2Vec -3.1010 0.1131 -1.7476 0.9375 0.0889 -2.1226 -0.8534 0.0731 -2.4964
B ZhBEEN -1.9992 0.1134 -1.7426 -8.4976 0.0890 -2.2402 -4.5593 0.0771 -2.7020
C KXHEES 0.6651 0.1096 -1.6359 -2.4880 0.0817 -2.1450 -1.4744 0.0659 -2.5656
D K REN =] 0.4046 0.1116 -1.6213 0.3966 0.0874 -2.0521 -7.4038 0.0733 -2.4718
E — -0.2764 0.1126 -1.6357 -0.3245 0.0808 -2.1216 2.5321 0.0718 -2.4048
#* B3 EFER, NERSREZMNARERNTNLER
Table B3 Forecasting results of proposed model with and without considering meteorological factors
R I X 18] Tt
ERR s/ Cuns PINC 4 90% PINC /5 85% PINC A 80%
S MW MW O oo e Woraw Sws €act Weraw Sws ence Woniaw Sws
4 2.243 1.202 0.9717 0.9439 -21.8710 0.1022 -1.7545 -20.8774 0.0811 -2.2200 -20.0040 0.0678 -2.5786
& 2.233 1.197  0.9720  0.9443 -0.2764 0.1126 -1.6357 -0.3245 0.0808 -2.1216 2.5321 0.0718 -2.4048
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Fig.B3 Reconstruction process of wind power related data
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