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Inmplementation of machine leaming-based prediction modd far sdar power
generation

Jong-Min Kim", Joon-hyung Lee™

ABSTRACT

This study provided a prediction model for solar energy production in Yeongam province, Jeollanam-do. T
he model was derived from the correlation between climate changes and solar power production in Yeongam
province, Jeollanam-do, and presented a prediction of solar power generation through the regression analysis
of 6 parameters related to weather and solar power generation. The data used in this study were the weather
and photovoltaic production data from January in 2016 to December in 2019 provided by public data. Based o
n the data, the machine learning technique was used to analyzed the correlation between weather change an
d solar energy production and derived to the prediction model. The model showed that the photovoltaic prod
uction can be categorized by the three-stage production index and will be used as an important barometer i
n the agriculture activity and the use of photovoltaic electricity.

Key words : Machine learning, Climate change, Weather, photovoltaic system, solar energy generation, Prediction,
correlation analysis
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- tensorflow
- pandas

- keras

- matplotlib
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