Impact of prosumers on the accuracy of load forecast
with neural networks

More and more prosumers will penetrate the power grid. But how do prosumers affect the accuracy of
the day-ahead load forecast? In contrast to related research on prosumers and load forecast, this paper
addresses the impact of different shares of prosumers on the load forecast for areas with several
households. In order to answer this research question, the load forecast accuracies for a dataset
without prosumers is compared to the ones of datasets with different shares of prosumers in an
experimental setup using neural networks. A sliding window approach with lagged values up to seven
days is applied. Apart from electricity consumption data weather and date data are considered. The
conducted tests show, that the mean absolute percentage error increases from about 8% for a dataset
without prosumers up to about 39% for a dataset with a share of prosumers of 80%. It can therefore be
concluded that prosumers decrease the accuracy of the day-ahead load forecast with neural networks.
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The prosumer dataset

* provided by another power utility of a city in Switzerland
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