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Fig. 1 Flowchart of PSO-XGBoost algorithm

‘ |
/

3)PXGBoost FIES BT L1~ 43 YCk AU BT s FoR i
S By B8 FIHE  TEHE o+ 1 A8 OB B0 38R AL A
EIAWAR

U:uHzw'”’m"'cl'rl'(l’lzes«m_xfn)+Cz'rz'(gnpslm_xfn) (12)
x, =, ) (13)
Koo, —5 ¢ SR T MU o, —— 5 ¢ SR F IO

oD T R T IR R A ) 1y, —— MAIRAR
(B 4545 m AR TR [ B i 1R i 7 oh 4 B 1 B 0 2 ]
B s, A R R B, 1 BT AT BT BB A 2
BT PR B B 2L 2 s, oI AC AP AL 24
PR (R B 2 3 BT L 23, r——1E 0~1 22 ) B9 B
LK.

4) VT RRL T 0 38 1 BE 8RR S I R PR BRI B A —
AR I3 I (3 1 S8 (AR R TR RS . sk
S R BRI B S B A, 0, W ks
B B AR B0 1, IF USRI, B E AL
TR M IE

5B S EAL G A PXGBoost 1AL B 45 1 4
AREAE () TE B O 38 R RR AR EE BRI AT S N RRAE 45 2
EALWALINSERZ V61l

2 GAEMRZHEUERNRESER

2 G BT R AE AT S I 455 1 1 ] o 22 I 2 A 22 XL T AL
IR FU AT T AT AR . SR RIS ) 4% 1 e
DT S RAF U SRR Z B S R B RE T, Hean 2k F f2 R
DA S Z B 246 & . T S TR R S RE S I XL R AE
1 52 A Bl A AR Ak, 0T o Sl S AR T N Ay AT T R A i 7 IR
Wik, 25 BB 26 R 2, AR SCE S— o i A& S ok o3 Wt
DR f P2 SR . R AE TUE U 1SR GAE 4% 3K B
T AR A X R A 1] & B TR NS A A R 2
B RYSE 2 B o ol FH A % AR B RE R AL A T
22 () AR 25 o 223 e A o A AL R A I (T SR ) O
RIFATIHEAT 2K 1A
21 FizEBEE

B Z KL R IR AR A 1 WA T K G=(V,E), K
V=V VLV VYRR RS BHERE Wi —
GIVECH AW A — A1 0 A RRAE ) 2, T2 A 09 a5 B SRR R 6
FHERE WL YRR g x D, i g B AR, D

v

WHERAEIE . E=(e,)  JRAIEA 42 1 402 1 ) e B
BRI V, BV, 2 A, WA e, = 1,
U TR N Ao ST AR 5 RN A e I 24 P
I

H. [ A\ =

SRR AT

e = t=1 N =1 (14>

07 =1
S, (0-5)" [T (0-5)

S 6K B 50, —— 24 p (6L

22 ETFGAEMITAHAGE

Fl 3 % 5 % (autoencoder, AE ) S 41 % BAASBE A 41T 42
B2, GAE 52 AE 76 M 2% &), i 2 A A A5 45 7
TR BT BEBSHE B 2 AR AE . A SC A GAE #%5
FAS AR A, A GON M AR AF R4 22 0 e e B 1) 0 i 1 i
AR XA ] L T 25 AT SRR A B

>5




6 BAESESE . LT PXGBoost-GAE-GMM-GRU 22 X 3 HL 5 2 it 337

GAE 1 2 E &R 2% GCN 41 %, JE £ PR30S sR %l
ReLU, P25 K RRTE Z R e
Z=GCN(X,A)=AReLU(AXW)w (15)

K2 MTEE Z, WAV, AT B A= DT AD %
FRIE— L0 A B s WO, WO—— 55— 2RI — S5 o
2% 3 9 B AR
23 MEEHE

S GAT 78 1045 5 ATy B 45 1 005 6 5
IR . BT BT A B 10044 1 4 55
RS AR AR (B A (O B 5 52 300 3 5, B
VesE T A2 I B . A /M R 6 2 PG 3
W,

A EAILLIE P T B A 1 J 2 DAL E 5 590
5 0 o S R A 2 R A
B HE R (AR DA, S 0 17 22 D ) 1 B B9
foo HAEAR Y

__ %7
REATA
K.z Z—— WA & Z, F1Z, B Z, | F |z
oA R Z, R Z R R A B X E
W% G=(V.EA) W, W8 C(Z,. Z,) MBI o B 5 1 % P G i1

v
E,Z(epj)i.j:lo

(16)

P>

1, C(Z,Z)<a
e,= o (17)
0, C(Z,.Z)>a
H ALy
A},j=C(ZP,Z,-) (18)
FTREMARHHMNEE G =(V,E',A"). W% E R 2 AEE
A REE 2 R, B Rg R AR BER T A EL R
B FR T LR MR AN R AL TE I K/

b2 LB R

a. B

OO

® 00

QOO
O O

OOOOO

b. R T
2 LRI AR
Fig. 2 Network diagram building flowchart
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Fig. 3 Principle of GRU
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Fig. 4 Network model structure of GMM-GRU
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Fig. 6 Fitness iteration curve of PSO algorithm
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Table 2 Optimal hyperparameter combination of PSO-XGBoost
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Fig. 7 Score of feature importance
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MULTI-WIND POWER FORECASTING BASED ON
PSO-OPTIMIZED XGBoost-GAE-GMM-GRU MODEL

Peng Yirao', Guan Xinyu’, Li Qiangren’, Li Chunhua®, Lei Aihu’, He Dejun’
(1. College of Electrical Engineering , Guangxi University , Nanning 530004, China)
2. State Grid Gansu Power Company Baiyin Power Supply Company , Baiyin 730900, China)

Abstract: Wind power forecasting is a crucial topic in the field of wind energy generation. With the increasing penetration of renewable
energy in power systems, wind energy, as a rapidly developing renewable resource, necessitates accurate short-term forecasting for the
energy industry. In this paper, a Gaussian Mixture Model-gated Recurrent Unit (GMM-GRU) based on Gaussian graph convolution is
proposed. Firstly, the XGBoost algorithm optimized by Particle Swarm Optimization (PSO) is utilized to construct a feature selection
network for identifying important features. Secondly, using the graph auto-encoder and cosine correlation fusion method, a network
graph to effectively capture the potential long-distance correlations among sites and accurately describe the spatial correlation of multi-
site features are built. Finally, the Gaussian Mixture Model (GMM) is employed to deeply extract the intrinsic relationships within the
network graph, and the Gated Recurrent Unit (GRU) integrates its spatio-temporal correlations to address the power forecasting
problem. The experiments on real wind farm data are carried out. The comparisons with other models demonstrate that the proposed
model significantly enhances wind power forecasting performance.

Keywords: wind power forecasting; graph autoencoder; Gaussian mixture models; recurrent neural networks; PSO-XGBoost



