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Abstract

With the introduction of energy conservation and carbon reduction action plans, the photovoltaic
(PV) power generation industry has experienced unprecedented growth. However, the uncertainty
of PV power output poses significant challenges to the stability of the power grid. Therefore, accurate
forecasting of PV power generation is crucial for ensuring reliable grid operation. By analyzing the
main influencing factors of PV power generation, non-quantitative and strongly nonlinear factors,
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such as weather conditions, are classified. A separate prediction model is developed for each category,
resulting in a classification-based forecasting model. Leveraging the advantage of complete data, the
parameters of the classification-based prediction model are determined. Comparative analysis of the
test set data demonstrates that the proposed model exhibits good stability, strong robustness, and
high prediction accuracy.
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Table 1. Measured radiation, power generation and environmental data on a certain day
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Figure 1. Comparison of radiation and power generation
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Figure 3. Comparison of altitude angle and power generation in cloudy conditions
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Figure 4. Comparison of predicted and actual values for power station 1
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Figure 5. Comparison of predicted and actual values for power station 2
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