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Development of Electricity Demand Forecasting System on“DS Cloud®”
~Realization of High-Precision Demand Prediction by Machine Learning~
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Abstract
In electricity retail business, the profits of retailers are directly affected by the accuracy
of demand prediction under the current electricity system of 30-min 3 % “balancing
rule”. Demand prediction with high accuracy is preferable, while it strongly depends on
the skill level of the operator. In order to achieve the accurate demand prediction and
reduce the requirements of skill level simultaneously, we developed the electricity demand
forecasting system on original data analytics platform “DS Cloud®” by introducing several
machine learning techniques. Here we introduce the details of the system and proof-of-

concept(PoC) in our business activities.
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Fig. 1 Work flow of supply and demand planning of next
day.
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Fig. 2 Overall structure of forecasting system.
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Table1 Comparison of MAPE by various forecasting
models.
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Fig. 6 Overall scheme of demand forecasting for factory users.
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