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Abstract - Due to the increasing of power consumption, it is difficult to construct accurate prediction model for daily
peak power demand. It is very important work to know power demand in next day for manager and control power
system. In this research, we develop a daily peak power demand prediction method considering of characteristics of day
of week. The proposed method is composed of liner model based on AR model and nonlinear model based on ELM to
resolve the limitation of a single model. Using data sets between 2006 and 2010 in Korea, the proposed method has been
intensively tested. As the prediction results, we confirm that the proposed method makes it possible to effective estimate
daily peak power demand than conventional methods.
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Fig. 1 The proposed algorithm
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Table 1 Correlation analysis between peak power demand
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Table 3 Prediction results (ELM model)
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Table 4 Analysis of error per day for training data
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MAE | 1774 | 1291 | 1435 | 1404 | 1229 | 1084 | 1467
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MAPE | 327 | 215 | 233 | 244 | 220 | 206 | 2.74
MAE | 1661 | 1114 | 1229 | 1251 | 1119 | 971 | 1334
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Table 5 Analysis of error per day for testing data
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Table 6 Prediction results by the proposed method
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Fig. 4 Prediction result for each applied method




/Kjl(; =]
A 27 GEee g9 £ Atk 29 5dME 1%
dlolElel majA AtE el g AW Ay AL Fe
|5d 3 e

Power [Tt kw]
[
o
T

o
T

IS
o
T
I

Actual value H 1

----- Predicted value

3.5 L L L
50 100 150 200 250 300 350

num of data

% 5 #35 HolHof thet zf =2 oF 21
f

Fig. 5 Prediction result of peak power demand for test data
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