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Short-term prediction of photovoltaic power generation based on a PFA-MBAS-BP
neural network model

ZUO Yuanlong, HUANG Yushui, YANG Xiaohui, WU Huicheng, LIU Hao
(School of Information Engineering, Nanchang University, Nanchang 330031, China)

Abstract: A BP neural network has problems associated with having many input variables and complex relationships, and
poor stability. It is also easy for it to fall into local optimal solution. Thus an improved BP neural network short-term
prediction model for photovoltaic power generation is established, one which combines Principal Factor Analysis (PFA)
and Beetle Antennae Search Algorithm Majorization (MBAS). First, the model simplifies the dimension reduction
analysis of photovoltaic historical power generation data and meteorological data, and uses the principal factor analysis
method to analyze the correlation of the main factors affecting photovoltaic power generation. It chooses the principal
factor as the input of the prediction model. Then, the optimal weight threshold of the BP neural network training is
selected by using the spatial search of the MBAS algorithm. Finally, the simulation results show that the prediction
accuracy of the optimized model can reach 92.5%, the image data has a high degree of fitting and it can be used to
forecast photovoltaic power generation in various weather types.
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Table 1 Relevance analysis of input variables

A c E 0 RH T Tnax Thnin T,
C 1 0.89 0.52 -0.39 0.25 0.45 0.10 0.68
E 0.89 1 0.61 -0.32 0.48 0.58 0.39 0.48
1 0.52 0.61 1 -0.03 0.31 0.46 0.28 0.51
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T 0.45 0.58 0.46 0.14 0.95 1 0.92 0.11
Tin 0.10 0.39 0.28 0.38 0.95 0.92 1 -0.25
T, 0.68 0.48 0.51 -0.34 -0.21 0.11 -0.25 1
2 EERFERFHTER
Table 2 Results of principal factor analysis for each factor
TS RIEE IR T8 77 22 TR/ % ZUTTikE /% R WEHE I R T T ZE TR % R TTIRE %
1 4.322 48.653 48.653 4.210 46.580 46.580
2 3.358 37.295 85.948 3.560 39.368 85.948
3 0.751 8.298 94.246
4 0.346 3.845 98.091
5 0.125 1.189 99.280
6 0.063 0.668 99.968
7 0.028 0.320 100.000
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Table 3 Variation of factor load before and after rotation
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Fig. 1 Flow chart of photovoltaic power generation

optimization prediction model
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Table 5 Optimal runtime of different forecasting models (for

sunny days)
TR RS Modell Model2 Model3 Model4
BATITE)/s 21.127 10.265 95.984 49.368
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Table 6 Forecast and evaluation of four models

under different weather types
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