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Fig. 1 Framework diagram of model
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Fig.2 Schematic diagram of construction of cellular
graph topology
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calculation process

A SCRE R R P A T R p S B T FE A [R) LR
TE RS [A] 34 E M & GAT BAES M4 ERE
FEAE , IDCNN 78 55 1iF 4k B JE 47 %5 1F 32 B 7 4k

150

cHMHEFE -

GRU JZ 75 I} 5] 2 B2 5 S A5 8., IR fie i ik 204K
AN A R R4 TN OR R p 4> A A B A L
3.4 HEEB=EAHEME

YT VF 2 0T 50 T T O o S Ok 4R i
AE LA 2400 T 52 A0 45 4 114 B R T A R
28 0 245 v G T PR RO A AR et LRI i
T2 B0 46 4 S 8O AT BOR R BEALYE | X 5 Bosi
] R A 22T T O R AR R AL R
o) TR AL e A R A A T 3, X Ok
BREAS BN 0 G S AN e IR TR, BT R AR A
RATT e . 5 SE AT JR T i REAR LRI
TE R AL B AT 5 T AT A R EL O A 2 A R
£8P 8 i B

AR SO VA 1 8 0 T 246w i 3 AL £ = 98 T
fifp A O o 25 TR AR P A7 B A o PRI TR R T ™Y
2% % e U JC ML EAT RS 1 0 e . I, GAT JZ
TE R RUE S B o, 103 T AN R T M j %k TC i 7 B9 5%
Wi B2 32, B0, 0 o T I j 22 T 1 2 Tl A4
IR, Sz 2 RIS (RO 55 . GAT JR BT R AL
BB T —A N7, xh ol 94k LR 0
JEAE 25 TR AP b B R B ) i R o X — i A D W
055 f R ML 2 T RGO O AR SR T A R D T R
3 2o T TR A AR OUL I AN [ B 22 e DX A e R A
2 [R5 AR, T M 0 2 A

4 HBISH

4.1 HIBEES N REIELE

7% 3¢k ) GEFCom2017 % 4 4217 5y 3iF i 482 6
RUA ROPE 1E 5% T 38 E T 9 A% =2 M XA 8 A4S 1 i X
B A far A G B L SR AR TR BR O 1 h, 36 4 2010 4F
1H 1 HZE 20104F 12 A 31 H ) B0HE A 5l ke A 4E
FEARGE R AR /D i SR A, 328 R R AE S R 28 48 45
AR SCR FH 4 M A A 1 T 0 R e S B DL DR IR B
] PP 910 1 3 SR o K 50l 4 3l 4 Ry U R 4 (80 %6 ) Al
MR (20% ) , % min-max H— 4L ZE X 8] [0,1] :

S X, — Xuin
x—};j§; (6)

O X X 53 00 B BRI T ) e R (B R
JINEL T 885 X, RLX, 43 59058 565 A Ik 20 £ T R50CH 4 1
FNE — 1k 5 18 55 4 2 B

BHE b B A i CRRAE 2 AL L 1
4.2 HEERSHIZEMITEMN ISR
4.2.1 APEEEMSHIEE

AR T 2 [R) 23 R AR A 4 1 S it 4 ST AE RS
8 b R e B 4 s o A BRAE A M Y L
LR Y A bR 2 BORTEE 25 UL B 5% B 36 B1RITEE B2,

AR SCHE BB AR A AL A AR A BIF 5T H:



F1 KBIRENEE
Table 1 Input features of model
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Table 2 Forecasting evaluation results
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MW MW % 7 MW MW % T MW MW % o MW MW % o
1 135.25  99.08 5.79 17 91.22  61.26 3.57 32 12342 91.14 568 24  86.66 59.64 3.47 62
4 164.86 119.19 7.41 17 124.65 83.04 4.79 32 137.80 100.75 6.09 24 116.30 80.12 4.73 62
8 201.04 14513 8.30 17 134.64 91.71 517 32 155.01 110.76 6.63 24 129.27 90.48 5.16 62
12 208.43 151.80 8.61 17 155.96 108.74 6.37 32 177.13 129.19 7.91 24 151.09 102.92 574 62
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Fig. 4 Load forecasting results of different cells
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Table 3 Result of different adjacency matrices

STGCN STGAT

A0 4 P Lewse/ Tune/ DLusee/  Tewse/ Tane/  Iape/
MW MW % MW MW %

A, 142.29  98.93 579 100.32 67.12 3.85
A, 804.37 735.01 48.70 104.38 67.99  3.87
A, 155.29 107.11  6.08  95.93 65.18 3.67

A,(6=120km) 356.89 261.81 17.45 104.35 71.77 4.19
A(6=140km) 360.70 257.52 16.72 103.35 70.74  4.04
A, (6=160km) 197.11 144.47 835 92.33 64.60 3.80

A* 12342 91.14 5.68 86.66 59.64  3.47
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Ultra-short-term Regional Load Forecasting Based on Spatio-Temporal Graph Attention Network

ZHAO Zz'yul, CHEN Yuanruit, CHEN Tz'ngweil, LIU Junfengz, ZENG Jun'
(1. School of Electric Power Engineering, South China University of Technology, Guangzhou 510640, China;
2. School of Automation Science and Engineering, South China University of Technology, Guangzhou 510640, China)

Abstract: At present, the research on spatial load forecasting lacks the consideration of complex spatial-temporal relationship.
Therefore, a regional ultra-short-term spatio-temporal load forecasting model considering multi-dimensional and multi-source
features is proposed in this paper. Firstly, based on the existing regional-level load, cell partitioning is carried out to construct a
graph topology that considers cell correlation. Secondly, effective features are extracted from the spatial, feature, and temporal
dimensions through the graph attention network, one dimensional convolutional network and gated recurrent unit, connecting the
fully connected layers to output the results. Finally, simulation validation is conducted based on the real power load data from the
New England region of the United States, and model attention weights are extracted to analyze the spatial dependencies between
cells. The results show that, compared with the traditional models, the proposed model provides higher accuracy and stability with
different prediction steps, effectively exploiting the spatial dependence of regional spatial load.
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