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Ultra-Short-Term Wind Power Forecasting Based on Information
Recombination and TCN-LSTM-MHSA
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Innovation, Tangshan, Hebei 063210, China)

Abstract: To improve the operational efficiency of wind farms and ensure the stable operation of the power system, an ultra-short-
term wind power forecasting method based on information recombination and TCN-LSTM-MHSA is proposed. Using variational
mode decomposition to split the power data, the subsequences are reorganized into high entropy sequences, medium entropy
sequences, and low entropy sequences with different information types based on the evaluation results of sample entropy; Extracting
feature representations of data through temporal convolutional network (TCN), further processing data features using the long short-
term memory network (LSTM), and parallel learning of different attention representations using multi-head self-attention mechanism
(MHSA) to construct a wind power prediction model. Using two datasets with different output capacity and fan composition as
benchmarks to validate the model, the results show that the model in this paper has better prediction ability.
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Tab. 1 Calculation formulas for each part of LSTM
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Tab. 2 Specific information on experimental data
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Tab. 3 Parameter settings for each level

EEEES R ZHUE
Eoy A 14
TCN 2 PPN 0.05
hR 2B 1
LSTM 2 fa B4t 64
[ES=WIPS 4
MHSA Z
JEIE R 44

4.2 HiEsE

DA S A S ], JAURR D) A 50 £ 2 I 18] 6 f
No MAEHVEAE B AT IR Y, XU A DR A7 AR A
SAVEPRERRAIE ,  ELBEE I ) 48 B2 i e SRR 5 B
FE—RE PR JE AT AR o (Rl 7 XU Py AN A A
LAHHE VRS AL 1T BEALLS S o

IR T 3 B AR A T 18] HE PP A 1N 48751 S

250

RHTZ/MW
(=
(=]

J ‘ H il }m h !

5
Ao [ 4 x 10"

E6 REINXRHFEER

Fig. 6 Data information on wind powers

S=[S,S5,,-, 8] (13)

N T RAEEHE R AL E AR PR RAE, O UE

B o o A AR AR O, (] VMD X 1751 S BEAT

Ir e VAMGURJZ 8T 50 % MKt , R S8 K=
9, JEUREE -5 o0 il As an el 7 B

4
B )

00 s

E7 VMD4%EHM

Fig. 7 Composition of VMD components

WA SETHRLAE R (R 4) X F A IEATITAY , MifH
/NT 0.5 BN N A R L AR BE AR, R AR X 4R
Hro 0.5 2 0. 8 Z A KPS LA S RN T A7,
& AR BUE A A7 A S A PERRIE . IR{ER T 0.8
mf, FYNRGLEEER S, fFRH, S TR
AU . Bk, DAREAE 0.5, 0. 8 7 g Rl 43 LB,
K& 7 IVRNAA R B A, TE ROl
AR EEA . hBEE B ATRE . MR A
[ AR A {Res | 19 B B )T 51 SF 5 D8 HL R
A E R R AL PR SR A L IMFA~IMFO} 41K
T B SFy; 8RB E R B R IR AR S
{IMF1~IMF3} B4 R0 ¥ 51 SF .

SF, =[sfi15 $f12s ++*5 5fin] (14)
SE, = [sf215 $fns 5 sfon] (15)
SFy =[8f315 8f3, +*5 5fon] (16)

e s R AR B AN TR 20 2R AL e AN ] 51
AT R AR
®4 BFFIELRE

Tab. 4 Sample entropy of each subsequence
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Tab. 5 Performance evaluation of models on data set A
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Fig. 11  Prediction results of horizontal comparison models on
data set B
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Tab. 7 Performance evaluation of various comparison models
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