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based on Improved Extreme Learning Machine( ELM )
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Abstract: Improving the accuracy of photovoltaic power generation forecast is helpful to the dispatching
management and economic operation of power grid,and the key is to establish an efficient and applicable
forecast model. Firstly, Pearson correlation coefficient method was used to choose the main factors affect-
ing the photovoltaic output,so as to establish the input feature vector of the prediction model. Then,a hy-
brid ELM prediction model optimized by Pearson correlation coefficient method and genetic algorithm
(GA) was proposed to improve the optimization of randomly generated parameters in the prediction mod-
el. Taking the historical data of a photovoltaic power station as the research object, GA-ELM prediction
model was used to train and test the preprocessed data. Finally,based on the prediction model,the PV
power of typical days in four seasons was predicted. The results show that the prediction deviation rate of
the hybrid prediction model proposed in this paper is 19.2% and 4.3% lower than those of the single
ELM prediction model and the prediction model with a mixture of Pearson correlation coefficient and
ELM , respectively , using the actual output curve as the reference ,thus verifying that the model in this pa-
per has higher accuracy and stability.
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Tab. 2 Analysis of main factors affecting photovoltaic
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Tab. 3 Genetic algorithm parameter setting table
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Fig.2 Comparison of photovoltaic power predictions
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Tab. 5 Error statistics for the three prediction

models in different seasons
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