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ABSTRACT

The purpose of this study is to propose a power demand volatility evaluation system based on LSTM and not to verify
the accuracy of the demand module which is a core module, but to recognize the sudden change of power pattern by
using deeplearning in the actual power demand monitoring system. Then we confirm the availability of the module. Also,
we tried to provide a visualized report so that the manager can determine the fluctuation of the power usage patten by
applying it as a module to the web based system. It is confirmed that the power consumption data shows a certain pattern
in the case of government offices and hospitals as a result of implementation of the volatility evaluation system. On the
other hand, in areas with relatively low power consumption, such as residential facilities, it was not appropriate to
evaluate the volatility.
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Table. 1 Power Demand Variation Estimation LSTM
Model Setting

Residential Medical Public office
Facilities Facilities Facilities
Data Count 2016
Train Set 1728
Test Set 288
Epoch 40
Time Stamps 288
Batch 288
Learning Rate 0.1
?:CJ;\;?;;?IH hyperbolic tangent
Optimization . .
Algorithm stochastic gradient descent
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Fig. 1 Power Usage Data to use LSTM
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