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Ultrashort-term photovoltaic output forecasting considering spatiotemporal correlation between arrays
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(1. School of Electrical Engineering and Electronic Information, Xihua University, Chengdu 610039, China;
2. School of Electrical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract: Photovoltaic (PV) output forecasting is crucial for optimizing power grid dispatching and enhancing new
energy consumption, especially with the rapid development of the PV industry in China. To capture the spatial correlation
among different arrays in a PV site and the temporal dynamics of PV power outputs, a novel ultra-short-term PV output
forecasting method based on a graph convolutional network and long short-term memory (GCN-LSTM) network is
proposed. The proposed method first constructs a graph model to represent the connection relationships of different arrays
on the PV site. Then the graph convolutional network is used to extract spatial features from the graph model to obtain
time series data that incorporate the spatial relationships among different arrays. Finally, time series data is input into the
LSTM network to perform PV output prediction. Experiments demonstrate that the GCN-LSTM-based PV output
forecasting method achieves high accuracy and stability, which makes up for the inherent limitations of prediction
methods based on time series data and shows promising application potential in large-scale power plants.
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Fig. 1 Schematic diagram of photovoltaic arrays arrangement
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Fig. 2 Graph of photovoltaic arrays arrangement
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Fig. 5 Abstract diagram of PV arrays and its adjacent matrix
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Fig. 7 Forecasting result and evaluation indicators under different weather conditions
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Table 1 Comparison of evaluation indicators under different weather conditions

TR i e/ kW s /KW /%
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Fig. 8 Pearson correlation coefficient of 9 arrays
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Fig. 10 Result of one step and multi step forecasting on 80 arrays
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Table 2 Forecasting evaluation indicators under four scenarios

K i eyan/kW Canse /KW eyapre/ %0
1 6 & 1245 15 6 12 45 135 6 & 1245
GCN 1.9382 12.2488 18.5158 2.76 11.36 20.48 2.5568 12.4785 19.7797
RNN 13160 10.6983 8.3819 2.1 10.68 12.92 1.6271 10.7892 10.2843
LIPS LSTM 0.7882 7.5558 8.0397 1.89 10.55 11.35 0.9542 9.6292 9.9627
GCN-RNN 0.8322 6.2953 7.6305 1.59 8.35 10.03 1.0189 7.3527 9.3661
GCN-LSTM 0.2658 4.3624 6.494 0.48 5.59 6.39 0.3229 6.0010 8.2234
GCN 2.6794 13.197 22.0214 3.44 13.73 27.64 3.8346 14.8693 24.4356
RNN 22291 12.4768 20.7433 3.13 12.24 26.97 3.7611 13.9449 21.5592
Zx LSTM 1.8629 10.4228 18.9073 2.19 11.97 21.30 2.8743 12.5499 20.1730
GCN-RNN 1.4270 10.2252 17.7684 1.54 10.13 19.54 2.0456 10.2266 18.6273
GCN-LSTM 0.3172 8.7676 9.3262 0.83 8.84 9.74 0.4004 7.7471 9.7124
GCN 1.8019 19.9132 21.6766 3.24 22.44 25.98 2.6135 18.7973 26.9043
RNN 2.1531 18.6744 18.5496 2.83 20.42 22.56 3.0510 18.8542 24.8292
A = LSTM 1.7203 17.9659 15.7464 3.45 19.90 16.60 2.4682 18.9601 17.0535
GCN-RNN 1.1612 13.6942 12.4748 273 16.05 14.18 1.4551 143081 15.6307
GCN-LSTM 0.2647 8.8873 9.6595 0.49 6.80 8.18 0.3232 8.2913 10.5811
GCN 1.9059 16.6331 21.0207 2.42 15.64 2222 1.9344 17.5554 22,6777
RNN 1.8613 15.4455 20.3946 1.79 14.14 21.07 1.6257 16.7616 21.0798
BN LSTM 1.4816 13.6756 14.5700 1.59 13.88 17.52 1.3630 14.6601 16.6772
GCN-RNN 0.9314 11.8765 13.3362 1.19 13.31 12.07 1.1582 12.3175 14.7021

GCN-LSTM 0.3284 7.5895 8.0612 0.57 7.46 7.96 0.3821 8.2971 9.0614
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Fig. 11 Histogram stacked of the forecasting evaluation indicator

1.54 #10.83%, 6 ZHF A 13.731 12.24. 11.97. 10.13
F1 8.84%, {E 12 LI MIIER] T 27.64. 26.97. 21.30-
19.54 F19.74%. RILLE i, BEE B ]R3,
TR 2= BB, BRA SRR REIRFF 10% AN
FITRIIR 25 4, HoAth o bl 7 v O RS B L& ek
W REK

MRS EE R v DUR L, AHLE T #—1 RNN
Al LSTM %Y, fEMAN GCN JZJ5, GCN-RNN Al

GCN-LSTM #5284 ) RS B2 356 R - BoAdsk
Ui, TR 22 BAMNARN RIRAT 12 221 h)II T
375 F, GCN-RNN [F] MAPE 73/t RNN [£1i%
T 2.33%- 2.11%- 4.37%7%10.83%, GCN-LSTM 1]
MAPE 43 bt LSTM FE{K T 4.96%- 11.56%- 8.42%
A1 6.42% 0 IXHAERH TN GCN 2 [ EFEEUZ f5
AT LA BB T PR B, T LA i o i T
JFAS SRR 7 92 500 i B R F 0 s



-92- B 2GR 54

DRIk mT DA 2008 1 Tl &5 SR A 1
2.3 9 B35 80 BEFITIUNZE R ITEL 53 4fr

MEL7 5B 10 B R EEE e LUEH, 5
BRI F7V5EAE 80 BRI AR e b 1 Ftill wh £ fr 40
HENEH TR T o RIS K. sk, Xt
1. B 11 AR 2 gt s T UE H, TR
B TR 485 R (1) MAPE $847 22 1] A T8 9 [ 471
JetRuh m ERIRI. FEEFEREZE: 1) GCN. RNN,
LSTM. GCN-RNN F1 GCN-LSTM ¥ /& £ ¥ A\ £ #i
HEAL, 9 ANJEARBESSRAL I ] g I 2R =D,
TIEAEAR AT B AP N ZRCR s 2) 9 RS BB
A5 AN RIS 2 B 25 T A DA B D, ok it
BUFR A3 R AR GAR RS 2 8] () A A ., sk
T T 53 RAEA SO IEFE IS [MAFFE I RE ST Xt
TE—E R FUFER T AR AT GCN-LSTM
)RR J B G AR Th R T 7 2 R 8 A 280 F T R A
JetR R, I HAE U L AT DASR A B G 1 T
MR

2.4 SHMBETNE AL

N T UEIIASC &7 - Rk, AR EL |
PN RIREE FE I S ARSI T 10 IS AR ) 2%
(space-time convolutional neural network, STCNN)W]%D
HET- R 2 0 45 1 22 TN T) e 21038 P 4 A 2
(multivariate time series deep spatiotemporal forecasting
model with a graph neural network, MDST-GNN)**,
FE BB TN 5 AT R Wi 2 R B T b, JF
XF 3 MOTIERI TR G R BEAT TS T, FRHIOGE
R R MR A RSB S YRR, Gt s R
K 12 P

R 304 3 MR R a5 T T 45 R4
i, AN 12 F126 3 45R AT LIA H, GCN- LSTM 1%
AR 2R AR ERRILEAL T STCNN 5 MDST-
GNN. MEEALGER 73K, 3& A STCNN A7
T 25 AR R R /& STCNN AL R A& 4e 1) 45
PR 28 RARIUAN R 7 51 2 8] B 25 (B RFALE - T DA AR 22
FE T R P 51U HEFP LU 2 BRI 48 1) TR,
X —#RAFAR T e 4T AL Hds 2 1Al 42 18] 5C K,
T TR 45 SR BB

3501 a2 350 350

300  R*=09528 300 R =09733 3001 R* =0.9833
. 250 250+ 250+
= 200 E 200 + E 200
o a o
ﬁ 150} 150 K 150F

100 - = 00} = 100]

50t 50 501

0 L - L L L L L 0 L L L . L L L 2 L L L . L .
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350 % 50 100 150 200 250 300 350
/AW UMW T AW
(a) MDST-GNN (b) STCNN (c) GCN-LSTM

12 FUMESRINE 531

Fig. 12 Fitting analysis of forecasting result
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Table 3 Comparison of different spatio-temporal methods

i eyas /KW Eyapi/ %0 €ruse KW
STCNN 0.7465 1.37 0.8371
MDST-GNN 2.3721 2.62 3.2856
GCN-LSTM 0.2795 0.65 0.3762
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