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Multi-time scale power prediction of RIES based on neural network
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Abstract: Considering the time-varying and uncertain characteristics of renewable energy and load demand in the
regional integrated energy system, a multi-time scale power prediction method based on long short-term memory
neural network and convolutional neural network is proposed, which will provide effective and accurate data
support for the optimal dispatch of regional integrated energy system. First, the short-term power prediction of the
RIES supply and demand side based on data processing and Bayesian optimization to find the best hyperparameters
is realized by using the LSTM neural network which widely deals with long-time series problems. To further
improve the prediction accuracy, the intraday ultra-short-term power prediction on the supply and demand side of
RIES is realized using the efficiency of CNN in data extraction and the bidirectional training of BILSTM. Finally,
the effectiveness and applicability of the proposed forecasting method in RIES multi-time scale optimal scheduling

are verified by simulations according to the evaluation index.
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Fig. 2 Schematic diagram of the structure of a deep neural

network
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Fig. 4 LSTM neural network structure diagram
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Fig. 8 PV short-term forecast results
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photovoltaic days ahead based on LSTM
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Fig. 11 PV ultra-short-term forecast results
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results
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