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2% £ 157k7 £59) 714 doles Atgetel £ R@e st Ade 8] HKo SYMO] RBF
(Radial Basis Function) Te}0Elel ANNS] ©U5 vt A%, Al gejulels & &sleich svMl
ANN 2d9] Mg d|wstr’| st X|H A MAPE(Mean Absolute Percentage Error)?} MAE(Mean
Absolute Error)2 A}%o}ﬁq. A& An SYM 2Ele MAPE=21.11, MAE=2281417.659] Al=g @Als}
%17 ANNS MAPE=19.54, MAE=2155345.107762] A< ZAlstqict.

ABSTRACT

In this paper, we compare the performances of SVM (Support Vector Machine) and ANN (Artificial
Neural Network) machine learning models for predicting solar energy by using meteorological data Two
machine learning models were built by using fifteen kinds of weather data such as long and short wave
radiation average, precipitation and temperature. Then the RBF (Radia Basis Function) parameters in the
SVM model and the number of hidden layers/nodes and the regularization parameter in the ANN model
were found by experimental studies. MAPE (Mean Absolute Percentage Error) and MAE (Mean Absolute
Error) were considered as metrics for evaluating the performances of the SYM and ANN models. Sjoem
Simulation results showed that the SVM model achieved the performances of MAPE=21.11 and MAE=
2281417.65, and the ANN model did the performances of MAPE=19.54 and MAE=2155345.10776.

7I9E
Artificial Neural Network, Support Vector Machine, Prediction, Weather Data, Solar Energy
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