ISSN : 1226-7244 (Print)

ISSN : 2288-243X (Online) j.inst.Korean.electr.electron.eng.Vol.23,No.3,852 ~857,September 2019
=T 19-03-16 http://dx.doi.org/10.7471/ikeee.2019.23.3.852
102

9-3k =Y ol 4d Pely ] A¥sre oEnd
Deep Learning Based Short-Term Electric Load Forecasting
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Abstract

In order to manage the demand resources of project participants and to provide appropriate strategies in the virtual
power plant’s power trading platform for consumers or operators who want to participate in the distributed resource
collective trading market, it is very important to forecast the next day’s demand of individual participants and the overall
system’s electricity demand. This paper developed a power demand forecasting model for the next day. For the model,
we used LSTM algorithm of deep learning technique in consideration of time series characteristics of power demand
forecasting data, and new scheme is applied by applying one-hot encoding method to input/output values such as power
demand. In the performance evaluation for comparing the general DNN with our LSTM forecasting model, both model
showed 4.50 and 1.89 of root mean square error, respectively, and our LSTM model showed high prediction accuracy.
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