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Wind power prediction model based on a dual-tower transformer
model with multi-feature fusion
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(College of Automation, Jiangsu University of Science and Technology. Zhenjiang 212100, China)

Abstract: In response to environmental pollution and the energy crisis. countries worldwide are actively advancing
green wind power. However, owing to uncontrollable variables such as wind speed and direction, wind power
generation is characterized by volatility and intermittency, necessitating accurate forecasting of wind power output to
ensure the secure operation of integrated energy systems. To mitigate this challenge, this paper proposes a wind power
forecasting method based on a dual-tower Transformer model, which integrates multiple features. This approach
thoroughly investigates wind power data enriched with meteorological information, extracting feature information
comprehensively. The method incorporates temporal attention, empirical distribution, and K-means clustering to
construct a Transformer model that decouples meteorological patterns by considering temporal dependencies and
distributional traits. Additionally, feature-level attention, Hilbert transform, and seasonal trend decomposition are
integrated to build a Transformer model for seasonal trend decomposition that leverages feature associations and
frequency-domain characteristics. Finally, a weighted average fusion module is proposed to combine the predictions of
the two aforementioned Transformer models, thereby enhancing the accuracy of wind power forecasting. Extensive
experimental comparisons with advanced algorithms from the past five years, conducted on both general public datasets
and proprietary datasets from enterprises, reveal that the proposed method markedly outperforms existing techniques in
terms of both prediction accuracy and model interpretability. In comparison with the runner-up algorithms, the
proposed method reduces the mean squared error (MSE) and the mean absolute error (MAE) by up to 15.34% and
6.04% . respectively, while enhancing the coefficient of determination R* by as much as 39. 33%.

Keywords: wind power forecasting; feature fusion; Transformer model; distribution characteristics; frequency
domain characteristics
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Table 1 Basic statistical information of the dataset
, v HEETE VAN
NE/ER KR HARH , A HH
min

Spring 8 832 15 12

o Summer 8 832 15 12
Autumn 8 736 15 12

Winter 8 640 15 12

L PrivateData 11 112 60 13

K 3 & 4 4~ F B IE % Spring, Summer, Autumn Fll
Winter fRUH 95525 i 1/ 3R 5E PR 1 B35 L LA T 4
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B TR B LA R S A T v O 8 IR AR 3 S A DX} H S5
50 000 BT R A SO 3R 77 5 M 25 A B, 25 #F Informer
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Fig.3 Violin plots of wind power from four public datasets fERE ST .

) FITS: LA B LM 2 % 0 25 2T YR 08 4 i FAH RS L 02
WL 3 0] LIASH : Spring BUIEE R EHRKR L, HK A % (B i B 4 AT R
LIRS o T PR 2 R DO R R 5 T IR SparseTSF ;i 24 J# 186 6 00 A , x¢ o i e 91 ¢
A M v (L o S W T A 2 XL R ) SR A ) O R R L A A 2 D B0 e S B L B T T A
ERE“BEIR IS s Summer 086 6 5 % H & DA F 4, A DT TransFMFE 853 10 52 50 2 50 i & 41 3 2
FEEPIE | R & R X, H XA o R A A B i
1% ;s Autumn £048 4 T 5 W (H AR 90 . 20 AR X FR B T

T, R Ty 2 9 % SR B R R R s Winter B4 5 T 5 *2 EWRBHKRE

wHEARIE .S ARE . X TR iie e . Table 2 Experimental parameter settings
LM B 2 Intel (R) Xeon(R) CPU E52683 v4 2. 10 B34 B

GHz fl 8 GB P4, 3:30°F 3 i Python 3. 10 FF k. 9:% L% HEEN LB H 4

R 4 R T §8 A5 2 7 1R 22 (mean squared error, FKEMAEH K 6

MSE) ) - 3448 %1% 2% (mean absolute error, MAE)PY | BHEORE M 13

P E BB (coefficient of determination, R*)™* F14 \14@1*) Transl 4EfFE K /N D 8

4% (pinball loss) ™, P14k i 7] 57 2] 39 00 25 35 A 25 6 P i Trans2 4E & K/ G 128

2.2 KRBEREXBWHN
TSR UE A S 4R U7 B B R AT IR A RO R TEOC T H 5 22 X L S g b, MR AR EE S R

ARFTVAT T 4 SR S R X S T B SR 96, TN B A BE L € (48,96}, 25 W A1 41 T Bk Sy
FULI AL IR, LR d . AR EAA 817 10 RGP SR e Rk 3 s,
RI BMREMNIEIHRER

Table 3 Comparison experiment results of prediction errors

=R PEM T8 Spring Sumer Autumn Winter PrivateData

Informer MSE 1. 363 0. 704 1. 500 1. 066 0.726
MAE 0.974 0.571 1. 050 0.824 0.672
FiLM MSE 1.096 0.732 0. 682 0. 875 0. 547
MAE 0.715 0.570 0.611 0.736 0.543
iTransformer MSE 0. 787 0.556 0.503 0.697 0. 389
MAE 0.579 0. 467 0.501 0.631 0. 445
FITS MSE 0. 815 0.574 0.531 0.701 0. 352
MAE 0.591 0. 486 0.529 0. 645 0.414
SparseTSF MSE 0. 896 0. 602 0. 554 0.779 0. 397
MAE 0. 626 0.503 0.538 0. 683 0. 436
DTTransFMF MSE 0.710 0. 540 0. 481 0.678 0.298
MAE 0.544 0. 452 0. 489 0.628 0.391

Imp. MSE +0.077 +0.016 +0.022 +0.019 +0. 054

MAE +0.035 +0.015 +0.012 +0. 006 +0.023
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Table 4 Comparison experiment results of explanation ability
Bk Spring Summer Autumn Winter PrivateData
iTransformer 0.536 0.211 0.310 0. 329 0. 856
FITS 0.532 0.189 0. 247 0.322 0.875
SparseTSF 0.453 0.127 0.192 0. 209 0. 846
DTTransFMF 0.583 0.294 0.354 0. 346 0. 889
Imp. +0. 047 +0.083 +0. 044 +0.017 +0.014

WMEEFE 47T IR LT 4548

(DTEFR A A B BIE £ ML A BE £k b, il
DTTransFMF 58 19 U & R R® S WUS 1 5 AL 0 D 45
FAH R T B = T 8. 76%.39. 33%0.14.19% .
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FRFIL L I PEBE AR T JE O 3, SR L T T 4R A R X AR ] 2R
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B 0 i RERE DB A BRI
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Fig. 4 The Pinball Loss when the quantile parameter is set to 0. 1
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Fig. 5 The Pinball Loss when the quantile parameter is set to 0. 9
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(a) The line graph of the predicted mean values of the DT TransFMF
model versus the true values
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(c) The line graph of the predicted mean values of the SparseTSF
model versus the true values
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Fig. 6 The line graph of the predicted mean values

versus the true values

40 000

30 000

20000

10 000

JRHL Ty FE TR B kW

0 IOE)OO 20 I()00 30 I000 40I00(;
R T 2 S B UE AW
() DTTransFMFAE 2 B 34548 5 B0 Se B i B s B

(a) The scatter plot of the predicted mean values of the
DTTransFMF model versus the true values

« 137 -



o549 % @,

o

=

2

#OAR

¥
40 000
30 000 [
=
=~
o
g 20 000 |-
=3
iy
R
10000 F
X
0 -
0 10 000 20 000 30000 40 000
LT R TS BE AW
(b) InformerA5 24 W 35948 5 3T 31 U I 00 P
(b) The scatter plot of the predicted mean values of the
Informer model versus the true values
40000 - L,
° o/‘.
..
° ) r'd
30 000 - :"b.‘ oo
2 o2 A% s 50°
o o P 1
= g ¢ ':*/ ° © 0
g o ® .' ® .o;'}’..]";‘o o © A
2000 & °*° s S S
= P e e it
®
L]
100001 g oo & o
X . :’-‘
oF o °e
/,, .
0 10 000 20 000 30 000 40 000
K T 2 S B UE W

(c) SparseTSFAR AL Tl 358 5 FL S $0E A HUS B
(c) The scatter plot of the predicted mean values of the
SparseTSF model versus the true values
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Fig. 7 The scatter plot of the predicted mean values versus

the true values
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Table 5 Results 1 of the ablation experiment
LAY PEMY 38 R Spring Summer Autumn Winter PrivateData
D_EDF MSE 0.741 0. 609 0. 507 0.752 0. 310
MAE 0.556 0. 496 0. 505 0. 660 0. 400
D_Hilbert MSE 0.733 0.612 0.497 0.731 0. 354
MAE 0. 554 0.497 0.498 0. 647 0.429
D_Weather MSE 0.722 0. 597 0.499 0.719 0.376
MAE 0. 549 0.483 0.502 0. 646 0. 446
D_Decomp MSE 0.734 0.573 0.515 0.712 0. 347
MAE 0. 554 0.475 0.509 0. 642 0.421
DTTransFMF MSE 0.710 0. 540 0. 481 0. 678 0.298
MAE 0. 544 0. 452 0. 489 0. 628 0.391

+ 138 -



FEARTE 5. 4R RS A 09 A T M3 Transformer AR X & 5 £ ol o %

1

AR, Bk 2 R AN XU H T 388 (1) A5 A ks BRa e, BT R R
Y 22T A B AR B 4 A T O A A R R I, )
B e SR R 2 0 s, u /b T R e LA A

(DO TE Winter $¥i4E I, 5THk I R N 40 10 FRAE A B
22 UL T 2R B B Hh S R AR R 2 B R A TR, T 4R
SR P ) 3 A R AR B DL 28 56 43 A Ak T (E B I T & T 1
HRZWETFE R, FT 4% & A5 2 00 47 A R B Gt oh s A
Bl T XA, B 3R 1 T

(5)7E PrivateData £ &£ I, Sdk | K& WAL
fFRRE, LHNEEBBENRAR, 05 2ZH R R,
ST AR SR v R A A R R R X O (R R R e b
7 TR P 4, B TR T T B AR vk P A RS

AT — B UEAR A DT TransFMFE 5525 /XX
S I wb E DL B AT 2 Al A B H AR LR 3 AN AR
AR, D_T1 A8 pRASE A FUAR 87 3L F B i) 5& 586 A 43 A R AE
B REREERE Transformer B, I 48 43 70 KRR J2 5 0
SRR J2 M 5 R T AR S T 0 AR A AT A 2 Y st 3
43f#% Transformer B ; D_T2 A8 BB HAR B8 I F 4R 1T
SR HR AU SRR AR 1Y) 22795 & 343 i Transformer SR, JF1E
AR AR J2 50 b 2 A R A )2 W 25 3 T A i) OGN 3 A
FRIE A BB % Transformer B D_G 2 A SC T2
SR PO AT 347 il 4SS B 4 11T A UL A A A B g AR
AR, DL Spring B AE Ty i, MR E DB S Sy 96, T
T B RS BE L B 96,3 AR (AT 43 53 A 57 32 4T 10 K, 48
PP H g 25 R Al S R A Rk 6 i, HE g R
FHR bR .

R6 HEMXBER?2

Table 6 Results 2 of the ablation experiment

%%  DTTransFMF D T1 D T2 DG
MSE 0.857 1.115  0.902  0.873
MAE 0. 604 0.711  0.623  0.611
R’ 0. 369 0.179  0.335  0.357
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Fig. 8 Evaluation indicators of DT TransFMF model under different K
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