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A Research of Estimation of Solar Power Generation Based on

Warped Gaussian Process
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Abstract; Considering the situation that photovoltaicpower generation is affected by a variety of
weather factors,a hybrid model was proposed based on warped Gaussian process to predict the power gen-
eration, where probability of photovoltaic power generation at any time in one day can be realized and pre-
diction point and prediction interval can be obtained. Firstly, multivariate adaptive regression splines model
was used to reduce multidimensional input variables,and to obtain the prior data of test. According to the
type of weather, fuzzy C-means algorithm was then used to divide the training data and prior data of test,
and to obtain the similar samples. The warped Gaussian process was also used to estimate the test data. Fi-
nally, bagging algorithm was used to realize the integrated study,and to obtain the prediction interval and
prediction point. By the simulation and experimental results, the validity and reliability of this hybrid
model was verified. The results show that the hybrid model improves both accuracy and practicability,
compared with Gaussian process predictions and BP quantile regression neural network predictions.
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of different time
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Tab.4 The result of model’s point prediction

B RMSE
AT GESN
BWGP 0.061 0.093
WGP 0.077 0.100
QRNN 0.083 0.131
GP 0.080 0.115
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Tab.5 The result of model’s interval prediction

o T B )P 5 £ ol ofi
FIj 24 ) el el M SR e
BURRE ey BN I BN
BWGP 0.213 0.221 34/36 34/36
WGP 0.278 0.286 34/36 32/36
QRNN 0.275 0.406 34/36 34/36
GP 0.321 0.327 34/36 31/36
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