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Abstract: In view of the adverse effec deiation fluctuations on solar energy related systems, this paper

proposes a hybrid prediction model based on

(Back Propagation) and wavelet neural network, in order to predict solar

radiation intensity. Firstly, the meteorological factors which have great influence on solar radiation intensity are determined

by correlation analysis. Then, BP

neural networks. Next, wavel
the decomposed compone
radiation intensity is
MATLAB software and t

VelQneural networks are optimized to determine the optimal structure of the two
oSition is used to decompose the hourly solar radiation intensity in three layers, and
dicted by the optimized neural network. Finally, the hourly predicted value of solar
y Superimposing the output results of each neural network. The simulation is carried out by

roposed model is compared with BP neural network, wavelet neural network and domestic

related models. The results show that the proposed hybrid prediction model can effectively reduce the error of solar radiation

prediction.
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correlation analysis)
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Tab.1 Correlation number of input and output variables

SEWEE —IeE 2w 3w sl eskEl
AEAT IR AR 0.9162 0.7588 0.5543 0.3372 0.1262
R 0.2192 0.1568 0.0946 0.0379 0.0090
AW —0.3510 —0.1934  —0.0353  —0.1108  —0.2332
Pay iy —0.2110  —0.1956  —0.1900  —0.1900  —0.1919
KAEHR 0.2995 0.2928 0.2839 0.2742 0.2644

MEIATA, — 1% 520 2 R ET R E . — 10t %I
. 1IN E0RE . — 12 520 2 & — 10
Z 5 121 2 B R SRR L8 A A AR 125 K PH AR S 4 AH 2 2
R FRAEEE T HARR 20 R E MO, X Rl ¢

0.7805, &I MHRF 1T — TR o 220 0 i S 548 B A g A2

2, TE M2 A Z R Z TR E A9 A,

3 BPHEZMEFNKMEREKZLE

optimization of BP and wave
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Fig.1 Structure diagram of three—layer BP neural network
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Tab.2 Comparison of single hidden layer structure of BP

neural network

i5=] Bady 12 e /A IZRMSE BiMIRMSE,

1 13 185.4688 226.7039

2 12 186.2197 228.3671

3 11 190.8927 230.4384

4 10 189.2863 228.7268

5 9 191.6557 231.9095
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Tab.3 Comparison of double hidden layers structure of

BP neural network

WS i/ Webannn  WERMSE BMRMSE,
1 10 3 183.4865 216.4322
2 9 4 183.6909 216.7927
3 8 5 183.8550 226.7205
4 7 6 182.4482 208.9592
5 6 7 187.8245 213.1232
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Fig.2 Structure diagram of compact wavelet neural

network

B3 AL N AT 2 W 225 H 1R

Fig.3 Structure diagram of loose wavelet neural network
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Tab.4 Comparison of hidden layer structure@

neural network

5= Ba s 120 e /A
1 10 242.4401
2 20 238.8699
3 30 N .9439 240.9651

4 E-TBPHUNEHEZ LR & FHAREY (Hybrid
prediction model based on BP and wavelet
neural network)
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Fig.4 Three—layer multi—resolution decomposition tree
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Fig.5 Mixed prediction model
5 SEIR R ZER4r#r(Experiment and result analysis)
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Fig.6 Results of three—layer wavelet decomposition
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X(i) —min{ X(i))
max{X (1)} — min{X(i)} )

X(i)=(max{X(i)} - min{X(i)})x Y(i)+min{X(i)} (5)
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Fig.8 Comparison diagram of prediction effects
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Fig.9 Comparison diagram of transverse model prediction effects
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