MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2024,33(7):112—120 [doi: 10.15888/j.cnki.csa.009561] http://www.c-s-a.org.cn
O ERFEBE AT B TR . Tel: +86-10-62661041

T K 57 #3224 B JXVER BT 18] e %71 F sl ©

T i%l, FA, &, BRW, Ess
ORI RS A TR b et i SR e A S L R 0 3 A S0 =, th 116622)
AOREH TR R NURE SHR 2B 42 tH S50 AR B2 0 AU &, K% 116081)
(jmij:% LU E B AR (MR ER), KE 116622)

ME/EE R, E-mail: 1048850346@qq.com
T AR TR R L ZEL 25 IO Aot VR A s ML ZE AN 4 e X R S o B L %ﬁiiﬂﬂ?‘éi‘%&%ﬂ%ﬂa%%ﬂ%
IS [) P B PN AT 55, H AT ST 8] 270 F0000 A5 28 2 2R FH R B2 o S Y, @mm%ﬁﬂ‘lﬂ?ﬁﬂﬁ%‘iﬁ??ﬁﬁ@?ﬂziﬂrﬁﬂﬁiﬁm
P, 3 B R 50 B AN RE LU 2 98 XU FL IR [ 1 271 1) 52 AR V. e R B I, $2 7 — P e T3 =0 i
B A 1Y IR\ L IR D6 3 ) M0 72, 12 77 3 B I8 PR o 42 D0 4 vl (400 s 5 2 R Ok R A IR P 2 L
FARKIWES, R H 22 B RS AR DU i 1 2 BRI 2 AR B OS2 IR RE 7, T, Rl A U A S 1
o IR FRLEST T) e 470 At R s 10 TR0 SIRE 235 SR AR B, 127 VA AE IRV HL I [|] 7 81 14 22 A5 Tt o 35 77 5 2 A LG SR 2R AR R 52 vy
AT 24%, E%RE@W&ET?@%ﬁﬁ?ﬂﬂ‘fﬁﬁ‘é%%%ﬂﬂ@EE?L, MEG I ESTE L RIS Eith
KA %@E%Nl‘ﬁﬂ)‘%ﬁﬁﬁ?ﬁ!ﬂ; PREE N 2% attention AL I 6] J7 51 53 il

SRR TR A, ZE N R B R o T I X4 g A 1) XL B B ) R 2 T TSR R B L, 2024,33(7):112-120. hitp://www.c-s-
a.org.cn/1003-3254/9561.html

Time Series Forecasting of Wind Power Based on Progressive Decomposition Architecture

DING Hao', ZHOU Cheng-Jie’, CHE Chao', ZHAO Tian-Ming', ZHOU Shou-Liang’

'(Key Laboratory of Advanced Design and Intelligent Computing Ministry of Education, School of Software Englneerlng, Dalian
Umvers1ty, Dalian 116622, China)

*(Key Laboratory of Social Computing and Cognitive Intelligence Ministry of Education, School of Computer Science and Technology,
Dalian University of Technology, Dalian 116081, China) 3

*(School of Economics and Management (School of Tourism), Dalian University, Dalian 1166225 China)

Abstract: Accurate prediction of wind turbine metrics is important for accurate control of turbines and the regulation of
grid supply and demand. The task of forecasting these indicators can be abstracted as a task of wind power time series
forecasting. Currently, deep learning models are mainly used in time series prediction models, but the strong volatility and
randomness of wind power time series often prevent most models from effectively capturing the complex evolutionary
characteristics of the data. To alldress these issues, a wind power time series forecasting method based on a progressive
decomposition architecture is proposed, which first applies a neural network pooling decomposition method to simplify
complex dependencies and then applies an attention mechanism to learn long-term trends. Subsequently, a multivariate
fusion capture module is employed to enhance the overall multivariate correlation mining ability of the network, and it
fuses the trend term and the period term to make accurate forecasts of the wind power time series. Finally, the trend and
period terms are fused to make accurate forecasts for wind power time series. Experimental results show that this method

can achieve up to a 24% reduction in mean squared error (MSE) for wind power time series forecasting compared to
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baseline models. It also exhibits stable improvements in predictive performance across multiple forecasting lengths while

significantly outperforming similar models in computational efficiency.

Key words: multivariate time series forecasting; neural network; attention mechanism; time series decomposition
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336 0956, 0.764 1.145 0.811 1.149 0.823 1.044 0.827 1.293 0.859 6.977 1.844
48 . 10.538 0.508 0.676 0.582 0.593  0.580 0.860 0.740 0.606 0.537 0.852 0.575
Windl12 96 0.632 0.553 0.838 0.676 0.787 0.684 0.894 0.760 0.661 0.564 1.299 0.738
192 0.720 0.595 0.763 0.620 0.898 0.735 0.969 0.800 0.740 0.610 2.420 0.999
336 0.741 0.606 0.805 0.650 0.855 0.735 1.008 0.819 0.790  0.640 4.689 1.362
48 0.362 0.404 0.903 0.657 0.674 0.607 0.817 0.686 0.631 0.540 0.636 0.481
Wind170 96 0.614 0.532 0.829 0.643 0.808  0.670 0.943 0.736 0.842 0.633 1.451 0.786
192 0.903 0.677 1.115 0.763 1.398 0.884 1.095 0.820 1.067  0.726 3.052 1.189
336 1.131 0.778 1.292 0.835 1.531 0.935 1.173  0.856 1.548 0.930 6.839 1.737
48 0.749 0.579 1.102 0.707 0.892 0.612 1.109 0.757 0.826  0.602 1.388 0.697
Wind 96 0.989 0.681 1.152 0.731 1.114 0.708 1.214 0.799 1.048  0.692 2.890 1.063
192 1.186  0.793 1.302 0.807 1.281  0.776 1.304 0.823 1.287 0.791 6.405 1.603
336 1.294  0.852 1.487 0.883 1.329  0.825 1.335 0.854 1.561 0.886 14.636 2.372

VE: BN T =96, K JF O {48, 96, 192, 336}, Bl (45 R LKA BoR, RIF45 R UL T RIZk %R
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PDformer #H bt Informer. Autoformer. FEDformer
TR IA Y &, fEREUERIR & B2 = T 60% 1
MSE 1845, “FYJ3 T FIA 18%. (A E B2, B
Autoformer. FEDformer 1% 1 #iit X7 i 1% 1
SR, H R H AL GE Rl )= Bk 32 31 1 s I I R
e, JEVE 1 30 43 A% B (] (R AR 0% 2R, R I F000 ) 138 22 1
7+ PDformer. PDformer K H | 228 f il & il S i R AE
AR 22 AR B B R AR P (] BT 2 o TE VR B R IR
SRS T AR TERER B, BL MSE NYEM F8F5, 1E
AL UE B 5 T PDformer 7E AT TN K: & AR EX 75
T BRI ROCR, X RN PDformer %48 SRS H2
B g B 5 K 1) A8 s [A] G IR A2 48 Ae 7). BE & Pl 4 B2
[ 4E K PDformer (/) AHXT AR #4523 B 0 B &, IXGE B 1

PDformer H #3507 il ZA4 FAEAE, 7T LARRZIAS K

ST PR B[] P B R AT RS HE R, 2 AR B R S A S A
72K B 46 1F F {8143 PDformer AEEE MG A X R R[] 7
HI (PR A2 9 75 3K ' pe

MAE $5§5 F, PDformer [l FE RIS, 5 FT 5
AUAH LG PDformer 2 = Al $2 7 64%, 5 AL45 AR LR
T B AT IA 16%. X FFRGAE T PDformer 75 X HL I [A]
FF BTN B AE vE, UERH T MEC RS o 1R 1)
2RI R

RS IR AR 4 DN ERSE B~ 358 AT I 1) 4
5 7. PDformer HT-3s/b 1 HEB 2 HOAILAL T 40
WERAE J7 15, 5 RRE LA AR A 1 R (1) FEDformer
AR 3B AT 3 P 3 AT $R T 83%, J Ho A HA TR E R
BATHTEME T Autoformer # RS, A= EBTMAKE LT+

Informer %4, PDformer 7€ FF AR R, H T ‘

b AR 8~ 5 I TR) 2 A%, 212 T Autoformer,
{ELR B AR AIR I 1 ~F-34) 20% ) MSE 4B FRTE T

350 ¢ . 329

300 ] 8 PDformer
246 243 X

N
]| B Autoformer
o]

o]

N

<) @ Informer

N
™
] 0 FEDformer
»
W

5 PIJE TR H
BARTF, PDformer FEGH7EAR R I TRINEE T
RKIE—2, A MFC RT3t 200 il 224 T 5

118 Z%i % # System Construction

TR S 4 B 0, HER T SRR AL
LB 77 2 AR 0 W SRt S )
T TR SR ) ST R S 3 e 4 S
i 60 5 91, 5 2 AN B RRE T 9 L R 5 R A
GEIECH

34 SHBSR

N T E] MFC A5 RT DA B A 2 B A 4t 2 > 1
S A 0 S (B M8 6 56 R, AR AT T 5
52, #5558 PDformer )45 RAE AEEMER 2 MFC #
Yelf) PDformer Sk T ECRR.

M 5 T DA th, {2 44 TR BBl N2 A
A R BUR, BRILE 05 I, 78 Wind170 &
FEJ48 TN S 11, B ol DA T MSE 29 77%. 1E
ARIFEK BTG 1R, #4 MFC RUBEE) T i
/NS MSE, VW] T 27 R A RS etk LK
T B AR LU 6 BT B K, S50 BEy MFC
el 5 4 N R 7 K 9% AR (L,
M 4 50 001 S A8 2 90 0 52 e K, 4, T
BN 1) 93587 A 00 A P P, 38T 4 5
S R I T 4R R A A T

RS IHELSLIR SR

% . PDformer w/o MFC
Hdhdk TR MSE MAE MSE MAE
48 0.598 0.5§3 L 0.607 0.549
Wind154 96 0.702 0.59? = 0.741 0.616
192 0 0901 _0.703 0.926 0.704
336~ 0.956 0.764 1.149 0.802
48 0.538 0.508 1.010 0.875
Wir‘\ldl 19 96 0.632 0.553 1.046 0.861
< 192 0.720 0.595 1.019 0.882
336 0.741 0.606 1.041 0.893
48 0.362 0.404 1.622 1.074
Wind170 96 0.614 0.532 1.651 1.076
192 0.903 0.677 1.708 1.098
336 1.131 0.778 1.626 1.055
48 0.749 0.579 1.068 0.750
Wind 96 0.989 0.681 1.205 0.774
192 1.186 0.793 1.218 0.782
336 1.294 0.852 1.451 0.869

T SRR AR 2 OC KT B T4 R, N BEI=96, TN BE
0€ {48, 96, 192, 336}. fcf:45 F LU AR H R, w/o MFCFRR 25
MFCHEH ¥ PDformertt £

4 HdiphEE
AU U o IR FRL I T8 9 g 3 AR, i
TR R S SRR A, O T U S T
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MFC 5 B il 42 2] 1 224 5l 18 {0 7 se 4l 2 18] 1)
AR IRHK, LA 8] e 1AE F )28 I PR Ak, HG 5 1 30
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