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Short-term photovoltaic power forecasting based on MIE-LSTM

JI Xinge, LI Hui, LIU Sijia, WANG Lijie
(School of Automation, Beijing Information Science and Technology University, Beijing 100192, China)

Abstract: It is crucial for the real-time scheduling operation of the power system to improve the refined photovoltatic power
forecasting technology. It depends not only on the superiority and inferiority of the predictive model, but also relies on the
similarity between the training sample day and the forecast day. A novel method based on MIE-LSTM is proposed for
short-term photovoltaic power forecasting. The correlation metrics is established based on Mutual Information Entropy
(MIE), the MIE between photovoltaic power and meteorological factors is calculated to reduce the dimension of
high-dimensional meteorological data. Then, the weighted mutual information entropy between the multi-dimensional
meteorological factors of historical day and those of predicted day is used to screen out similar day samples. Finally, the
mapping relationship between meteorological factors and photovoltaic output is established via training Long-Short Term
Memory (LSTM) neural network prediction model. Through forecasting and analyzing the power generation of a
photovoltaic power station under different weather types, it is verified that the new combination method can achieve ideal
forecasting precision.
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Table 4 Statistical results of forecast errors for

rainy weather types

Rz TR MIE-BP MIE-ELMAN MIE-LSTM
RMSE % 8.1379 7.4850 47082
MAPE% 19.940 5 223530 16.523 1

AR, R MIE S THIBUH ffidk, 1K
LSTM . ELMAN VA1 BP J53E4 T TN 75 3] (1) 15 2
TEFR RMSE%%3 120 4.708 2, 7.485 0 A1 8.137 9; ‘&
IS RRZER AR MAPE %5350 16.523 1. 22.353 0
F119.940 5. IXHI1UE T MIE-LSTM 3% 5 HoAh4H &
JIIEAHEL, A5 2P FINRS B B
4.3 7R sh RS EHETN

— AT TR R T A R %25 RS
15 U0 R BRI R T . Sy T 56 UE AR SCHE
MIE-LSTM v B U H Tl 52 o s R SR T
PIGRINZ, R 8 H HE—5mdk sl HAE A il H #¥
AFEATTI . B S Ok =Rl gl A0 5 3 (R Fim 45
B, PIFRZEFR PRI LR 5 iR .

DI /MW

MIE-Elman
ory — — — MIELSTM

HE

7:00 9:00 11:00 13:00 15:00 17:00 19:00 21:00
%)

B 5 MIE+=#RZ W 4% 5%
Fig. 5 MIE and three neural network methods
%5 ERBHEHMRSLBEMMRER TR
Table 5 Statistical results of forecast errors for complex

and strong fluctuation weather types
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