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Renewable Energy Generation Prediction Model using Meteorological Big Data
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ABSTRACT

Renewable energy such as solar and wind power is a resource that is sensitive to weather conditions and
environmental changes. Since the amount of power generated by a facility can vary depending on the installation
location and structure, it is important to accurately predict the amount of power generation. Using meteorological data,
a data preprocessing process based on principal component analysis was conducted to monitor the relationship between
features that affect energy production prediction. In addition, in this study, the prediction was tested by reconstructing
the dataset according to the sensitivity and applying it to the machine learning model. Using the proposed model, the
performance of energy production prediction using random forest regression was confirmed by predicting energy
production according to the meteorological environment for new and renewable energy, and comparing it with the actual
production value at that time.
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Fig. 1 Multiple regression analysis (X1, X2)
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Table 1. The meteorological Big Data

wind air temp water | wave

speed | pressure temp | height
8.0 1026.7 74 165 2.0
77 1016.5 15.7 16.7 1.7
11.1 1016.0 119 15.3 35
1.8 10155 14.0 16.0 0.7
5.0 1008.0 175 165 2.1
3.0 1008.7 21.3 215 19
5.0 1006.4 215 25 14
5.3 1010.5 28.7 288 1.6
42 1012.2 245 252 0.8
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Table 2. Renewable energy wind power

Date Generation
20200115 1714560
20200215 782487
20200315 3162054
20210115 155418
20210215 2243926
20210315 2571625
20220115 416096
20220215 4175214
20220315 1237441
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