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The variable—weight multi-model fusion PV forecasting method

based on combined similar days
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Abstract: For photovoltaic (PV) power prediction, firstly, the traditional similar day theory is improved by
calculating the similar day data corresponding to different moments to constitute the combined similar day data
to guarantee the similarity of each moment; secondly, a quantile regression-long short-term memory prediction
model is constructed, and the similar day data and multi-step power data are used as inputs respectively to
obtain the PV power prediction values under two different quartiles; finally, using kernel density estimation and
assigning different weights to the two sets of outputs according to the degree of similarity between the similar
day and the day to be predicted, the final PV predicted power values and probabilistic prediction intervals are
obtained. The simulation case shows that the root mean square error of the proposed prediction method is 0.017
0, the 90% probability prediction coverage is 97.08% , and the average bandwidth is 0.087 8. Compared with
the traditional model, the prediction reliability and sensitivity are taken into account.
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