Fa1E 3 LA B = S 4 Vol. 47 No.3
2026 43 H Electric Power Construction Mar. 2026

AT RZDARELRE =
Transformer @& R & 1 7% 3h %
$ RABARNF G

AT, 24, FERC, BHR, AR
(1. BUCH T R GE07 FLAE 5 20 (0 U REBT BOR 207 3 dh i S 30 3 (AR AL 0ok ), i AR il Akl 1320125
2. HRER-T Ak Rl Ia AT 4 i A S & ([ L 0 B B e AT BR 2 W] ) L A 5UTT 1001925
3. TERET A HLA B R RE IR 7024 Rl AR T 130022)

2 CH M YEERT XU BT A& S0 i s 25 ARpAE S HOAS J A 22 RUZE SRR AR M LA AT S8Rl 45 1) ) AL, i £ — g 25 [ 3 2R
2% (spatio-temporal graph spectral clustering, ST-SpecCluster) 5 Bt J# — 4k 4k Transformer (time-series 2D-reshaping
transformer, T2Dformer) [ XUHLEEFFTN 36 22 RUBE R A T 72 KO Y 5 , DA XUH S B AR AAl) s [B) B 28 R 3T o0
FFR] 6 1 P9 A 5l s R XURRL 7 1R] 14 B AR A DG ZR 88 A T —Fh AR IR B S BRAR M 5 BB A T Ok MY
TR A s R 53 5 s PR A FR 2 SR IBUUR B B 25 AR iE, i B i R G L) 5 R SR 28R ot B AR DG A8 s B R R
FEINA a1 U3 14 2575 55 #4543+ (seasonal -trend decomposition procedure based on loess, STL)BTFEERFEN TR BE RS T
55 o fide L AT ATRANER 2500 . iefig , i T R A TROMIASARY | 38 Ao R e L R4 R S BRI o 7> — 26 \Inception
BRGSO YA), S RERHT RS . RIS 2k Transformer 23 BTN AN BR800 3591
FAGEEAL 2 T R XU S A Ll SR 1 RV 8 T 5 VA0 L, iR ik i I — A AR R 22 R AR T
1. 89% , IH—AL P ILaX R ZE RN T 2. 87% , IhE REARTL T 10. 87% L4510 VTR I by ek B KL DI 8 TR 4R AL T —Fh
AR5 ST ) RGO RE ) SR RRIRTH A A SRS PR A

SR XU ) R T 5 B 2 1] 1% 2R 5 (ST-SpecCluster) 5 2575 43 ; B )3 — 4 AL Transformer (T2Dformer) ; A 25 22 R

A
FESES: TM614 XEkFRERD: A X EHS:1000-7229(2026)03-0039-12

DOI: 10. 12204/j. issn. 1000-7229. 2026. 03. 004

Multi-scale Fusion Prediction Method for Wind Power Cluster Power
Based on Spatio-Temporal Graph Spectral Clustering and

Time-Series 2D-Reshaping Transformer

ZHU Jianing', WANG Zhao'?, LI Yitao’, YANG Mao', JIANG Renxian'

(1. Key Laboratory of Modern Power System Simulation and Control & Renewable Energy Technology , Ministry of Education
(Northeast Electric Power University) , Jilin 132012, Jilin Province, China; 2. State Key Laboratory of Operation and
Control of Renewable Energy & Storage Systems (China Electric Power Research Institute ), Beijing 100192, China;

3. Huaneng Jilin Power Generation Co. , Ltd. New Energy Branch, Changchun 130022, China)
ABSTRACT: [Objective] To address limitations in spatio-temporal feature extraction and the integration of multi-scale
features in wind power cluster prediction, this paper proposes a multi-scale fusion prediction method based on spatio-
temporal graph spectral clustering (ST-SpecCluster) and a time-series 2D-reshaping Ttransformer (T2Dformer). [Methods]
A spatial skeleton is constructed utilizing the geographical coordinates of wind farms. A hybrid spatio-temporal graph is built
to capture both static geographical proximity and dynamic operational correlations by dynamically calculating the Pearson

correlation coefficients between wind farms using power data within sliding time windows. Deep spatio-temporal features are
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extracted via a spatio-temporal graph convolutional network (ST-GCN), and an attention aggregation mechanism is combined
with spectral clustering to partition the wind farms into highly correlated sub-clusters. For each sub-cluster, the power and
numerical weather prediction (NWP) sequences are decomposed into trend, periodic, and residual components using the
seasonal-trend decomposition procedure based on loess (STL). A novel prediction model, the T2Dformer, is then designed
to jointly model multi-scale features through the collaboration of fast Fourier transform (FFT) period extraction, time-series
2D reshaping, Inception convolution, and attention mechanisms. Each component of every cluster is predicted separately,
followed by aggregation and reconstruction. [Results] The proposed method was applied to a wind farm cluster in Jilin
Province, China. Compared with state-of-the-art prediction methods, the proposed approach reduced the normalized root
mean square error by 1.89%, reduced the normalized mean absolute error by 2.87%, and increased the coefficient of
determination (R?) by 10. 87%. [Conclusions] This paper provides an effective solution for high-precision wind power
prediction, with practical significance for enhancing the dispatching capability of power systems and the consumption of
renewable energy.
This work is supported by National Natural Science Foundation Young Scientists Fund Project (No. 52307151).
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TN BB SRS W R A2 IR
5.5 HRESEIG

SR 6 IE A SC T H FI0 D7 12 vh A% AR B 1 1 [ AR
FH A SO A 3 A TH Rl Y A T X6 S

A 1. T2Dformer;

FEAI 2. STL-T2Dformer;

BERY 3 1 25 [R5 2R 25 -T2 Dformer

IR AS 45 A e 12 3 4 FToR AT LAW] & Hh oA
SCHT BTN J7 vk A AR T X B PR RE L U T
AP E AT T 52 T B B2 1) DGR

4000
3500 — B
3000

Z 2500}

<2000

*’g 1500
1000 ‘

500 AL, A N

00 20

00 ' 600 800 1000 1200 1400
A 18 /15 min
B 12 ASCARES E A E RAR B RN &5 R b

Fig. 12 Prediction results comparison of the model

proposed in this paper with those of other ablation models

®4 HELHEAREBEMEREXTLE
Table 4 Performance comparison of different
models in the ablation experiment

oAy Ryse Ryse R

ARICTT 0.0743 0.054 4 0.9213
B 1 0.078 1 0.058 3 0.8915
Y 2 0.077 3 0.056 1 0.902 2
FRL 3 0.076 4 0.056 4 0.9103

P 3 A T R UERE AL 1, R, FEA T 0. 001 7,
REETFT 0.018 8, UEA T i i 25 B R RE A
A 5 2 (R AR IS, 25 R A, DT 2 T 1 R R X 4
Jri Bt 25 4t R 14 BR AT BE T <

FAL 2 SRR 1 AH LG , Ry, FEAR T 0.002 2, R7 4
FET0.010 7, 32 W STL 4 fiff 4 A 38 23 478 48 5 R JZ IR

http://www. cepc. com. cn



48 CERPANE -1

47 &

(19 78 S50 J B A, (L BE A8 5 2R R T X 5k A o
AR, DT AR T L Al ok 1 S M A o g R
7t

6 % it

1) Fr i Bof 2 P13 SRS TE M T B A (] o 3R AIE
S b AR M S sh A B AT B IR A s
T o B 2 ] o BRI % TR e 25 SRR I 25 5 1S 2R
FEC LT AR o B v T XU R SRR o 1 o A
555 B 23 RRAE A A L Ry JE 2 40 DX TN 25 itk
FETR B Bt , 45 4 STL 43 5 T2Dformer B 7 [ 2 K.
VAR W, S T 22 RUBE 4 1Y) v K A AR
EPREHETIN . S2E0 2% S B R AR SCT R Y R gy~ Ry F1
R 512 0.074 3.0. 054 4.0. 921 3,45 T HIW T LA
TG IR AR AL L RE ) ) DR

2) AR ST T VR R R B A AR AL T —
i RE 1 F00I0 A R 7 22, AR ) R G B SR AR AL T
RIS S IS S R RO L R G4 X
AT BN B BRI AR

3) A SCHIFGEAT A AE — Be iy 58 38 2 Ah |, A0 4 7%
JEH 5, AT RE R ) AE SRR R AR ™ T 3 s P
Jop PR, 57 2 M e X (il K A< 1 i Bds i i B
A — BRI . AR TAER R TR R Bk T
FACEIR S S5 T B3R Tt

FI#5 M 52 A BA ( Conflict of Interests) :

A A P AN AE R 25 1R 58

{£& 51K = B (Authors' Contributions) :

et A oE O ), B SCHESE s £ 10
BB IR TR WSRO R T R AT
BT s AR T UEAT SC B I AT 6T L A By, 2R 47 SCHR IR A
SR VTAE W IF X RAE L, SR AR IETE S
MrEcdE s 22280 2 50 SCBT 8 SURE IR BT .
Fr AT Ve BT T R B T iR SCA RN A

7  SE3Hk

[1] Global Wind Energy Council (GWEC). Global wind report 2025
[R]. Brussels: GWEC, 2025.

(2] Rk, W, BMEC, 4. JORBLE FXHIF M S8R
R[] I TR, 2025, 44(5): 2-24.
ZHU Jizhong, GAO Meiyun, XIAO Pengfei, et al. Review of grid
integration and operation technologies for large-scale offshore wind
power[ﬂ. Electric Power Engineering Technology, 2025, 44(5) .
2-24.

(3] W, ik, &7, 5. BIEZIUIRIHE S SR IR I
PRI () ], RS P AR IR, 2025, 41(9): 125-131.

WANG Feng, JIANG Tonghai, GAO Yu, et al. Short-term wind
power prediction considering dynamic clustering of multiple
meteorological features[J]. Power System and Clean Energy, 2025,
41(9): 125-131.

(4] FIFEDT, XIYIER, R, 2. i B XL SRR LR [T ],
WY, 2025, 44(11): 59-71.

SI Yaxin, LIU Xungiang, SU Xiangjing, et al. A review of offshore
wind power forecasting studies [J]. Zhejiang Electric Power, 2025,
44(11): 59-71.

[5] YANG M, JIANG R X, WANG B, et al. Multi-channel attention
mechanism graph convolutional network considering cumulative
effect and temporal causality for day-ahead wind power prediction
[J]. Energy, 2025, 332: 137023.

[6] #ak, WYk, Bhoovk. FEF VMD-TBWO-BILSTM (4 1 XU 3y %
BT R ST RRIR, 2025, 41(5): 148-158.

HUANG Yi, HU Hua, WEI Yunbing. Short-term wind power
forecasting based on VMD-IBWO-BiLSTM [J]. Power System and
Clean Energy, 2025, 41(5): 148-158.

(70 BRSCHE, E/Ml, SR, 45 5B A -2 A O Y XU Dy 5
AR T]. HTTLHLTT, 2025, 44(7): 55-63.

CHEN Wenjin, WANG Xiaozhong, ZHANG Si, et al. A
probabilistic wind power forecasting model considering power error
correlation[ J]. Zhejiang Electric Power, 2025, 44(7): 55-63.

(8] AH¥RT, ESCHL, Be/hW, 45 . FETRAMICIZ M H G 1 Kriging

TR AL R DR A0 vk () ). S T AR, 2024,
40(11): 147-154.
FU Zhenyu, WANG Wenyin, LING Xiaoming, et al. A wind power
prediction method based on long short-term memory and adaptive
Kriging-subset simulation optimization[J]. Power System and Clean
Energy, 2024, 40(11): 147-154.

(9] E/NM, fhoat, FHOCil, 55 . FET 43 (A A KM 5 Stacking £ WL~F

2J g KR Bl SR B Oy ik D], O TR, 2024, 43(5) .
224-232.
WANG Xiaoming, XU Bin, YIN Yuanya, et al. Wind power
prediction method based on spatial correlation and Stacking
ensemble learning [J]. Electric Power Engineering Technology,
2024, 43(5): 224-232.

[10] ZHANG J A, LIUD, LI Z]J, etal. Power prediction of a wind farm
cluster based on spatiotemporal correlations [J]. Applied Energy,
2021, 302: 117568.

[11] PENG XS, WANG HY, LANG J X, etal. EALSTM-QR: interval
wind-power prediction model based on numerical weather
prediction and deep learning[ J]. Energy, 2021, 220: 119692.

[12] HENZE J, SIEFERT M, BREMICKER-TRUBELHORN S, et al.
Probabilistic upscaling and aggregation of wind power forecasts[J].
Energy, Sustainability and Society, 2020, 10: 15.

[13] YANG M, HAN C, ZHANG W, et al. A short-term power
prediction method for wind farm cluster based on the fusion of multi-
source spatiotemporal feature information[J]. Energy, 2024, 294
130770.

[14] YU C S. A comprehensive wind power prediction system based on
correct multiscale clustering ensemble, similarity matching, and
improved whale optimization algorithm: a case study in Chinal[J].

Renewable Energy, 2025, 243: 122529.

http://www. cepc. com. cn



£ 31 Rega Tt A T aS RS BRI S 1 —4E 1L Transformer 14 XU HE B2 BE T %6 22 KR B4 T 7 32 49
[15] =&, 5k4k, iR . 2T FCM Al ITransformer-TCN 4 %5 1] decomposition transformer with signal enhanced for long-term wind

[17]

[22]

[25]

[27]

AR A B D AR B [ ], R b L ) R 2 24, 2024, 44(1)
9-16.

NIU Jiajun, ZHANG Wei, XU Daming. Short-term power
prediction of wind power cluster based on FCM and ITransformer-
TCN[J]. Journal of Northeast Electric Power University, 2024, 44
(1): 9-16.

HOU G L, WANG J J, FAN Y Z. Wind power forecasting method
of large-scale wind turbine clusters based on DBSCAN clustering
and an enhanced hunter-prey optimization algorithm [J]. Energy
Conversion and Management, 2024, 307: 118341.

YANG M, GUO Y F, HUANG T, et al. Wind farm cluster power
prediction based on graph deviation attention network with learnable
graph structure and dynamic error correction during load peak and
valley periods[J]. Energy, 2024, 312: 133645.

YU G Z, LIU C Q, TANG B, et al. Short term wind power
prediction for regional wind farms based on spatial-temporal
characteristic distribution [J]. Renewable Energy, 2022, 199:
599-612.

YANG M, WANG D, ZHANG W, et al. A centralized power
prediction method for large-scale wind power clusters based on
dynamic graph neural network[J]. Energy, 2024, 310: 133210.
Trsete, HAT, a5 IS Rk R T IR B 2 2% 1Y
PR AR T D R I N O R 0], R EHREA I, 2024, 45(5)
95-103.

QIAO Kuanlong, DONG Cun, CHE Jianfeng, et al. Short-term
prediction method of wind power clusters based on graph
convolution neural network under spitio-temporal characteristics
[J]. Acta Energiae Solaris Sinica, 2024, 45(5): 95-103.
ABDELKADER A G, ZAINELDIN H, SAAFAN M M. Optimizing
wind power forecasting with RNN-LSTM models through grid search
cross-validation [J]. Sustainable Computing: Informatics and
Systems, 2025, 45: 101054.

ST, T, BET CBAM-LSTM fry XU HL 45 1 2 53 S A 100000 7 12
L] ARAEH A HRA2A 4, 2024, 44(1): 1-8,

ZHANG Zhe, WANG Bo. Short-term power prediction method of
wind power cluster based on CBAM-LSTM[J]. Journal of Northeast
Dianli University (Natural Science Edition) , 2024, 44(1): 1-8.
HONG J T, HAN S, YAN J, et al. Dual-path frequency Mamba-
Transformer model for wind power forecasting [J]. Energy, 2025,
332: 137225.

BENTSEN L ¢, WARAKAGODA N D, STENBRO R, et al.
Spatio-temporal wind speed forecasting using graph networks and
novel tTransformer architectures[J]. Applied Energy, 2023, 333:
120565.

WU H J, MENG K, FAN D, et al. Multistep short-term wind
speed forecasting using transformer [J]. Energy, 2022, 261:
125231.

LIJ L, SONG Z H, WANG X F, et al. A novel offshore wind farm
typhoon wind speed prediction model based on PSO-bi-LSTM
improved by VMD[J]. Energy, 2022, 251: 123848.

YANLM, WUSQ, LISP, etal. SEAformer: frequency domain

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

power forecasting[J]. Neural Computing and Applications, 2024,
36(33): 20883-20906.

Mg, FigfE, R4, 5. 3T STAGCN-Informer [N 23 41 &
R A XA Zh SN 5 3k ], LS B, 2024(7)
13-20.

YANG Shaozu, WANG Haicheng, WU Jinya, et al. Wind power
prediction method based on STAGCN-Informer spatiotemporal
fusion model[J ]. Computer and Modernization, 2024(7): 13-20.
LIU H Z, HUANG J T, HU J Q, et al. Enhancing wind power
prediction accuracy: a novel method integrating seasonal temporal
factors and advanced spatio-temporal feature extraction [J].
Energy, 2025, 336: 138514.

LI P S, ZHU Z D. STGCN-WQ: a new Spatio-temporal graph
convolutional network for predicting beach water quality [J].
Environmental Modelling & Software, 2026, 195: 106731.

YUY, GUO Y X, LV TY, et al. Incremental cost-consistent
partitioning and power allocation strategy for wind-storage clusters
in wind power fluctuation mitigation [J]. Electric Power Systems
Research, 2025, 248: 111958.

WANG JZ, KOUM G, LIR Z, et al. Ultra-short-term wind power
forecasting jointly driven by anomaly detection, clustering and
graph convolutional recurrent neural networks [J]. Advanced
Engineering Informatics, 2025, 65: 103137.

CLEVELAND R B, CLEVELAND W S. STL: A seasonal-trend
decomposition procedure based on Loess [J]. Journal of Official
Statistics, 1990, 6(1).

WU Haixu, HU Tingsong, LIU Jie, et al. TimesNet: temporal 2D-
(cln
International Conference on Learning Representations (ICLR).
Kigali, Rwanda, 2023:1-15.

CHEN W, ZHOU G B. An interpretable prediction model for

variation modeling for general time series analysis

global horizontal irradiance based on improved-Informer [J].
Measurement, 2026, 258: 119449.

RENDF, MAJ Q, LIU H, et al. The IVMD-CNN-GRU-attention
model for wind power prediction with sample entropy fusion [J].

IEEE Access, 2024, 12: 169988-170000.

I %5 B # . 2025-11-05
2025-12-31
EH I

K77 (2002) 59 W5 A, EEFST
95 1) g AR DR F , E-mail : 2642348837@qq.

& [E B3 E .

com;

AT

F40(1988) , i+, @ g TR, WF5T
AU, EELAFSE 7 R RE IR TR T
25 W (1984) , L At | g B, 2 BERF 55 7 6] AR A0 4 )

FETF B, AL AT 5

P (1982), 3 Wit Bofz AR VR, J2 2R FE 05 ) s RE IR 2

SR N K 25 G BB R R G AR AL L E-mail: yangmao820@163.

com;

VEAEBE(2000), 53 , Wib-BF 58 A , R0 100 0 B3 T
(i RHM%)

http://www. cepc. com. cn



50

)

5547

Bt 3k A

FRA1 AREEBE T SRS B FNIE 1T RS [E]
Table A1 Average training and runtime for different models
T A 75 Y250 8] /min BT R/
RICTT ik 30.148 4314
TimesNet 16.853 1.678
informer 14.379 1.389
VMD-CNN-GRU-Attention 26.128 3.348
EEMD-Transformer 19.637 1.864
VMD-STAGCN-Transformer 28.765 3.571
ST-GCN 18.624 1.579
LSTM 9.542 0.763
RA2 RBEBASHLE
Table A2 Key model parameter setting
(52 ZH Eras
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ST-SpecCluster S B A 96 (24 h)
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JE i K 96
STL 43 fif
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Hifith v )= AL 3
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P =WIE S 4
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Inception 45 F% [1,3,5]
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