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Abstract; Due to its inexhaustible nature and friendliness to environment, solar energy is considered to be one of the most promising
energy alternatives to fossil fuels. Photovoltaics (PV) is the most widely used technology to make use of solar energy

However, PV
power generation is uncertain due to the intermittent nature of solar energy. With the increasing installation of PV power plants, accurate

forecasting of PV power generation is critical to grid management and power dispatch. We propose a robust day—ahead hourly PV power

generation forecasting method based on K—means clustering algorithm and long-short—term memory (LSTM) neural network. The K-

means algorithm is firstly used to classify PV data into clear sky weather type and rainy weather type based on day—ahead forecasting of

weather variables,and then LSTM-based deep learning forecasting models are developed for the corresponding types of data. In order to
enhance the robustness of the forecasting model, the Huber loss function is selected for model training, and the whale optimization
algorithm (WOA) is selected to optimize the hyperparameter in the Huber loss function. The forecasting performance of the proposed
function ; whale optimization algorithm

method is compared with benchmarks. The results show that the proposed method can achieve higher forecasting accuracy
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