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Ultra-short-term Prediction Method of Photovoltaic Power based on
Spatio-temporal Graph Convolutional Neural Network
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Qingdao, China, Post Code; 266555)

Abstract; To solve the problem that traditional ultra-short-term power prediction methods for PV power
plants cannot accurately extract both temporal and spatial characteristics of power generation rate, an ul-
tra-short-term prediction method of PV power generation based on spatio-temporal graph convolutional
neural networks was proposed. For multiple PV plants in the same area, firstly, graph modeling of the
power plants was conducted. The spatio-temporal features of power generation were extracted using graph
convolutional networks (GCN) with gated linear units (GLU). Then, based on the extracted spatio-tem-
poral feature information and the historical power generation data of PV plants in the region, the predic-
tion model was trained. Finally, the ultra-short-term prediction of generated power of multiple PV plants
was realized. The experimental results show that the method can reduce the RMSE of the ultra-short-term
power prediction to 1.122% . It is important for the staff to arrange the dispatch management of the power
grid according to the actual situation.
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Fig. 1 Structure diagram of spatio-temporal graph

convolutional neural network model
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Fig. 2 Schematic diagram of photovoltaic power

plant graph modeling

K DX A 2% D AR PR B 3R 1% DR T A, T A 2 [ 1Y
AR S BAT AR AL R n o DX ¢ I 2
AR GAR Fi vt e Ao B 225 T ) AR A

G, =<V,E> (1)
V, = {v,}(i=1,2,3,-n) (2)

= %w-,-}(ij = 1,2,3, “,n) (3)
KV, = {o, | —I 2B ETAT A 7R ¢« N2k
IR ES S E =% w, ; | —I 23 B R L A

SRR s, ,— 19 #5719 8o, Z RIRCE Z 5K

HUA T 50, 57 5, Z2 () LA B i AH DG R B, 49
M 5 o, A RERE AN LI R Y 2 IE] A AR B
BT LRI A

e >k
w;; = { (4)

S, — P RO B8 (o, 0) — I 2
i (R PGB S

ery > e, WUSE I A 5 A e, 5 2 6 A 5
B 0, 5 T DB LA B, S, <k,
W54 2 ARG A

2 RREBINERER=HERN
2.1 ETFI=E& MR TH R ERE

SR 2 LA BATTR AN [ JBE 14 K Fit 2 5 I [
JF BB A T )RR AE 4 BT o B I 5 4 IS
BREGHINIE 3 R

B3 EEFAEREE R G E
Fig. 3 Structure diagram of spatio-temporal

feature extraction module
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Fig.4 Comparison of generated power forecast

effects of different models in next 1 hour
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effects of different models in next 4 hours
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