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Photovoltaic Cluster Power Generation
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Abstract: Photovoltaic (PV) power generation, as a renewable energy source, is considered significant in

achieving energy transformation and mitigating the impacts of climate change. Despite its potential, the

prediction of photovoltaic power generation faces several challenges, including weather uncertainty, data

quality issues, complex influencing factors, model complexity and computational costs. Moreover, exist-

ing prediction methods often only consider relevant factors at a single site, neglecting the interactions

between multiple sites. These traditional approaches have limited the generalization ability and struggled
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to capture the complex nonlinear relationships effectively, lacking the necessary flexibility. To address
these issues, a hybrid deep learning-based photovoltaic cluster power generation prediction framework was
proposed in this paper. Firstly, historical power generation data from stations were utilized to calculate
mutual information for forming a cluster network structure. Subsequently, classic deep learning models
with different features were constructed for prediction, including the Long Short-Term Memory Network
(LSTM), Convolutional Neural Network (CNN), Time Series Convolutional Network (TCN), and
Extreme Gradient Boosting ( XGBOOST). Finally, model ensemble learning was achieved through
adaptive weight calculation to complete the prediction. Real photovoltaic power generation data from the
National Renewable Energy Laboratory (NREL) were utilized in this study for prediction. The experimen-
tal results demonstrate that the integrated model exhibits superior generalization ability and significantly
improves the prediction accuracy compared to individual model.

Key words: hybrid deep learning; photovoltaic cluster power generation prediction; adaptive weight;

mutual information
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