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Development of Heat Demand Forecasting Model using Deep Learning
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Abstract

In order to provide stable district heat supplying service to the certain limited residential area, it is the most important
to forecast the short-term future demand more accurately and produce and supply heat in efficient way. However, it
is very difficult to develop a universal heat demand forecasting model that can be applied to general situations because
the factors affecting the heat consumption are very diverse and the consumption patterns are changed according to
individual consumers and regional characteristics. In particular, considering all of the various variables that can affect
heat demand does not help improve performance in terms of accuracy and versatility. Therefore, this study aims to
develop a demand forecasting model using deep learning based on only limited information that can be acquired in
real time. A demand forecasting model was developed by learning the artificial neural network of the Tensorflow using
past data consisting only of the outdoor temperature of the area and date as input variables. The performance of
the proposed model was evaluated by comparing the accuracy of demand predicted with the previous regression model.
The proposed heat demand forecasting model in this research showed that it is possible to enhance the accuracy
using only limited variables which can be secured in real time. For the demand forecasting in a certain region, the
proposed model can be customized by adding some features which can reflect the regional characteristics.
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