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Abstract

As abnormal climate related to global warming causes damages frequently around the world, efforts have been
being made to develop alternative energy sources that can replace fossil fuels. The demand and importance of
solar energy sources among various renewable energy sources have been increasing significantly. Therefore, it is
crucial to predict accurate photovoltaic power generation under continuously changing weather conditions for
stable and efficient operation of solar power systems. In this paper, we studied the prediction models for
photovoltaic power generation based on Artificial Intelligence algorithms using various weather data, which affects
solar power generation. The Artificial Intelligence algorithms considered for a photovoltaic power generation
prediction model are Multiple Linear Regression, Random Forest Regression, and Multi-Layer Perceptron. In
addition, unlike previous studies, we developed a model that predicts solar power generation measured for a short
period of 15 minutes. In particular, we identified the different time zones of day for each month when power from
solar panels cannot be generated and excluded the data measured from these time zones to obtain a more
reasonable performance of the solar power generation prediction model.
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Dependent Variables

solar power [wh]

Independent Variables

date time, solar radiation [kw/m?], air temperature [°C],
dew point temperature [°C], relative humidity [%], surface
pressure [Pa], wind speed [m/s], wind direction [°],
precipitable water [mm], precipitation rate [%], cloud
cover [%], albedo [%], azimuth [°], and zenith [°]
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