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{Abstract)

Solar energy forecasting is essential for (1) power system planning, management,
and operation, requiring accurate predictions. It is crucial for (2) ensuring a
continuous and sustainable power supply to customers and (3) optimizing the
operation and control of renewable energy systems and the electricity market.
Recently, research has been focusing on developing solar energy forecasting models
that can provide daily plans for power usage and production and be verified in the
electricity market. In these prediction models, various data, including solar energy
generation and climate data, are chosen to be utilized in the forecasting process. The
most commonly used climate data (such as temperature, relative humidity,
precipitation, solar radiation, and wind speed) significantly influence the fluctuations in
solar energy generation based on weather conditions. Therefore, this paper proposes a
hybrid forecasting model by combining the strengths of the Prophet model and the
GRU model, which exhibits excellent predictive performance. The forecasting periods
for solar energy generation are tested in short-term (2 days, 7 days) and medium-term
(15 days, 30 days) scenarios. The experimental results demonstrate that the proposed
approach outperforms the conventional Prophet model by more than twice in terms of
Root Mean Square Error (RMSE) and surpasses the modified GRU model by more than
1.5 times, showcasing superior performance.
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Meteorological Data
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Table 1. Solar power generation system installation
location and information
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