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Abstract: The new energy represented by wind energy and solar energy is random, intermittent and fluctuating.
The prediction of new energy power generation is an effective way to solve the above problems. In order to solve
the problem of decentralization of power supply system caused by the continuous integration of renewable energies
(REs) in power network, this paper proposes a prediction model based on neural computing. Firstly, different data
sets are obtained and the data usage method is introduced. Secondly, different artificial neural network (ANN)
architectures are studied in depth, and different input characteristics and evaluation methods for uncertainty of
prediction results are discussed. Finally, through simulation experiments, it is shown that in terms of photovoltaic
power generation, the relative mean absolute error (RMAE) of the prediction of this model can reach 2.5 % in
summer and 0.5 % in winter. In the whole year, the RMAE of photovoltaic and wind power can reach 1.7 % and 4.9
% respectively by using the reduced mean of input category features. The implementation of this method provides
strong support for the integration of regional renewable energy, and also provides a new solution to deal with the
volatility and uncontrollability of renewable energy.
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Fig. 3 Normalized error cumulative distribution power prediction
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Fig. 4 Photovoltaic prediction indicators
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