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Short term forecasting of photovoltaic output power based on principal component
analysis and genetic optimization of BP neural network

XU Tongyu, MA Yiming, CAO Yingli, TANG Rui, CHEN Junjie
(College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110161, China)

Abstract: In view of the fluctuation and the intermittence of the output power of the photovoltaic system, based on
principal component analysis (PCA) and genetic algorithm (GA) optimization, a short term forecasting method of BP
neural network power is proposed. Direct forecasting of output power is done by historical power data and real time
meteorological factors. It uses principal component analysis to reduce the dimension of multiple original variables into a
few independent variables, so that it can optimize the initial weights of back-propagation's threshold and overcome the
traditional BP neural network easy to fall into local minimum point, and the problems of slow convergence speed. The
results of the comparison for different forecast models validate the effectiveness of the algorithm and proposed model.
This work is supported by Natural Science Foundation of Liaoning Province (No. 2013020141).
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Table 1 Correlation of meteorological elements and PV power
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Fig. 1 Principle graph of GA
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Fig. 2 Short-term PV power forecasting model by
GA-BP neutral network based on PCA
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Table 2 Eigenvalue and variance contribution rate of

principal components

%5 LA Ji ZEBURA/ (%) ST TR A/(%)
1 13.3789 51.4572 51.4572
2 4.8579 18.6841 70.1414
3 2.8287 10.8796 81.0210
4 1.1385 4.3787 85.3998
5 1.0152 3.9045 89.3043
6 0.6383 2.4552 91.7595
7 0.4745 1.8251 93.5846
8 0.3713 1.4282 95.0128
9 0.2636 1.0137 96.0265
26 0.0003 0.0012 100.0000
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Table 3 Characteristic vector of eigenvalue of the first

five principal components

N V2 V3 V4 Vs
e 0.2143 0.16 -0.2067 0.0097 0.1231
e, 0.2179 0.0553 -0.2912 0.013 0.1397
e 0.2039 -0.0687 -0.2846 0.0184 0.1816
e, 0.2251 -0.123 -0.2177 0.0732 -0.1152
e 0.2305 -0.1688 -0.0657 -0.0339 -0.2145
€ 0.2338 -0.157 0.0841 -0.0025 -0.248
e, 0.2251 -0.0891 0.2679 0.0671 -0.1225
e 0.2278 -0.0161 0.2876 -0.01 0.0421
e, 0.2185 0.1214 0.2397 -0.0349 0.2074
€y 0.057 0.1647 -0.0147 0.7147 -0.0968
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Table 4 Combination of models
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Fig. 3 Forecasting result of Model 1 and Model 2

in sunny conditions
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Fig. 5 Forecasting result of Model 1 and Model 4

in sunny conditions
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R 5 RETNITE

Table 5 Forecasting results assessment of models

. gl RA SABTRA,
i
ERMSE EMAI"E ERMSE EMAI"E
Model 1 0.8437 14.79% 0.3407 17.07%
Model 2 0.2489 8.43% 0.0879 14.10%
Model 3 0.4593 10.73% 0.0743 11.07%
Model 4 0.0386 4.73% 0.0680 10.88%
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