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Photovoltaic interval prediction based on adaptive rolling matching prediction
correction mode
MEI Fei',GU Jiaqi',PEI Xin',ZHENG Jianyong’
(1. College of Energy and Electrical Engineering,Hohai University,Nanjing 211100, China;
2. School of Electrical Engineering,Southeast University, Nanjing 210096, China)
Abstract: In order to solve the problem that the traditional point prediction method is difficult to quantify
the uncertainty of photovoltaic generation power and improve the prediction accuracy,a photovoltaic interval
prediction method based on adaptive rolling matching prediction correction mode is proposed. The historical
photovoltaic data set is clustered by the spectral clustering combined with wavelet energy, and input and
interval output of different clusters are constructed and trained by broad learning system. The stable error
distribution of different clusters,different confidence intervals,and different prediction power intervals is estab-
lished, and the optimal modified quantile point value for each prediction power interval is found combined
with the optimization objective function. The rolling matching prediction correction mode is used for interval
prediction. The case results of a 2.8 MW photovoltaic power station in a region of Wuxi, China show that
the proposed method has better prediction effect compared with the traditional clustering prediction method.
Key words: photovoltaic interval prediction; adaptive rolling matching prediction correction mode; spectral

clustering;broad learning system;stable error distribution
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Table Al Accuracy comparison among different clustering methods

AP JH k-means S R ikt Sy arS
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025 0541 0116 0608 0712 0105 0259 0.658 0108 0782 0715 0106  0.251
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Table A2 Training parameters of different prediction models

el ZH K1 k2 ®AK3 R4
Rz 1 By M2 17 12 16 17
Rz 2 el 17 25 4L 10 5 3 9
BPNN WZRIxEL 500
WA R tansig, logsig
=P E 01
I 2 R 1 R 15 10 12 14
IR 2 0.005
LSTM
25 50 K5 5 ST % 0.2
PN Adam
EIHET 0.5 0.5 1 1
KELM [E 2 0.5 0.5 05 0.5
Rl 217 A A 500
RHE 4 6 4 4
BLS REAET AL 2 13 17 9
ST R 17 27 29 12
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Table A3 Accuracy comparison among different prediction methods

BP LSTM KELM BLS
@ e e e e e e e e e e e e
PICP PINAW NAD PICP PINAW NAD PICP PINAW NAD PICP PINAW NAD
0.05 0.124 0.019 3.051 0.209 0.020 3.244 0.287 0.021 3.303 0.412 0.018 2.846
0.10 0.357 0.050 1.716 0.363 0.043 1.494 0.335 0.051 1.481 0.510 0.042 1.193
0.15 0.516 0.067 1.567 0.479 0.068 0.949 0.473 0.062 0.972 0.560 0.064 0.720
0.20 0.557 0.082 0.683 0.532 0.088 0.653 0.572 0.089 0.572 0.604 0.085 0.488
0.25 0.591 0.126 0.419 0.572 0.109 0.480 0.610 0.104 0.417 0.715 0.106 0.251
0.30 0.649 0.138 0.282 0.686 0.137 0.275 0.650 0.125 0.319 0.751 0.127 0.187
0.35 0.691 0.155 0.169 0.725 0.156 0.230 0.680 0.145 0.265 0.794 0.148 0.145
0.40 0.724 0.174 0.144 0.834 0.177 0.152 0.776 0.165 0.179 0.882 0.170 0.083
0.45 0.854 0.203 0.123 0.851 0.185 0.119 0.836 0.187 0.128 0.897 0.184 0.055
S 0.563 0.113 0.906 0.584 0.109 0.804 0.580 0.105 0.848 0.681 0.105 0.663
. 24
S1is
T12
2
Lo6
=

0o — :
000 0600  12:00  18:00 2400

0:00 06:00 12:00 18:00 24:00
B %1
(b) BPNN

24:00

%:00 06:00 12:00 18:00 24:00
i Z1
(d) LSTM
10% 3 X [ a0% EfE X Il 70% EE X
20% EAE X[ sonEfExi Il 80% Ef X
I 30% B X1 60% XA Ml 90% EiE XA
S2BRBAR ) %

E A10 RREIFUNEE T A E B 5 X E R SR X 8 7
Fig.A10 Photovoltaic interval prediction of different confidence intervals under different prediction models
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Table A4 Accuracy comparison of prediction methods under different confidence intervals

BT IEZS XA T A2 X ) T LSTMQR JiR 5%
o

€picp rinaw €nap Epicp Eoinaw €nap €ice  Chnaw  Enap
0.05 0.425 0.018 2.346 0.440 0.027 1.115 0.564 0.036 0.905
0.10 0.524 0.050 2.016 0.604 0.069 0.601 0.644 0.068 0.482
0.15 0.593 0.052 1.709 0.636 0.072 0.570 0.749 0.072 0.238
0.20 0.625 0.061 1.252 0.684 0.098 0.450 0.793 0.088 0.218
0.25 0.671 0.091 0.776 0.711 0.110 0.150 0.817 0.109 0.158
0.30 0.706 0.121 0.543 0.741 0.121 0.146 0.843 0.111 0.132
0.35 0.748 0.172 0.351 0.807 0.160 0.098 0.860 0.137 0.086
0.40 0.807 0.258 0.189 0.856 0.184 0.047 0.900 0.151 0.042
0.45 0.856 0.394 0.088 0.895 0.241 0.027 0.931 0.165 0.029

FIME 0.662 0.135 1.030 0.708 0.120 0.356 0.790 0.104 0.254
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