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Simulation of Solar Radiation based on Three Machine
Learning Methods

L1 Jing, Wen Songnan
(The College of Geographical and Environmental Science, Northwest Normal University,
Lanzhou 730070, China)

Abstract: Quantitative simulation of solar radiation is essential for understanding climate change On the Loess
Plateau, Many machine learning methods were developed to estimate solar radiation well, but different machine
learning methods have different simulation accuracy in different regions, In order to achieve optimal simulation
of solar radiation on the Loess Plateau, this provides more higher precision solar radiation data for crop models,
hydrological models, and climate change models. In this study, three machine learning methods, including Ran-
dom Forest (RF), Artificial Neural Network (ANN) and Support Vector Machine (SVM) , were applied to
estimate solar radiation on the Loess Plateau, three machine learning methods were trained using ground mea-
surements at fourteen radiation sites from 2003 to 2009 and ten radiation sites from 2010 to 2016 and corre-
sponding parameter pressure, cloud fraction, cloud optical thickness, ozone, precipitation water vapor and
DEM, slope, and aspect to train the three model, The solar radiation estimates based on three machine learning
methods were evaluated using ground measurements at four radiation sites from 2010 to 2016. The validation re-
sults show that the RF model has the best simulation effect on the LLoess Plateau and surrounding areas. The av-
erage deviation is =0.17 MJ-m™, the root mean square error is 1.48 MJ+-m™, and has a good fit of 0.96. The re-
sults show that combined RF model and meteorological data and remote sensing data can effectively solve the
problem about solar radiation simulation on the non-radiation observation area of the L.oess Plateau, which is of
great significance to the research of regional solar radiation.

Key words: Solar radiation; Random Forest(RF) ; Artificial Neural Network( ANN) ; Support Vector Machine
(SVM) ;Remote sensing



