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[Abstract]

This study analyze correlation between weekdays data and special days data of different power demand patterns, and builds a separate
data set, and suggests ways to reduce power demand prediction error by using deep learning network suitable for each data set. In addition,
we propose a method to improve the prediction rate by adding the environmental elements and the separating element to the
meteorological element, which is a basic power demand prediction elements. The entire data predicted power demand using LSTM which
is suitable for learning time series data, and the special day data predicted power demand using DNN. The experiment result show that the
prediction rate is improved by adding prediction elements other than meteorological elements. The average RMSE of the entire dataset was
0.2597 for LSTM and 0.5474 for DNN, indicating that the LSTM showed a good prediction rate. The average RMSE of the special day data
set was 0.2201 for DNN, indicating that the DNN had better prediction than LSTM. The MAPE of the LSTM of the whole data set was
2.74% and the MAPE of the special day was 3.07 %.
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Table 1. Region weight.

Area Seoul Busan Daegu Dagjeon | Gwangju

Weight 0.43 0.18 0.13 0.14 0.12

Representative meterological element

= Seoul meterological element X Seoul weight +
Busanmetrological element X Busanweight +
Daegumetrological element X Daeguweight +
Daejeonmetrological element X Daejeonweight +
Gwangjumetrological element X Gwangjuweight +

——— Maximum Electric Power
—— Maximum Temperature
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Fig. 1. Electric power demand and temperature pattern.
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Table 2. Correlation of electric power demand and temperature.

Index Minimum | Maximum Dew Sensible | Heating
Temp. Temp. Point Temp. Degree

1 -0.195 0252 -0.183 -0.241 -0.226

2 -0.238 -0.296 -0219 -0.287 -0.269

3 0.224 -0.284 -0.205 -0.272 -0.256
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Table 3. Demand prediction elements and variable name.

Minimum Maximum Solar .
Temp. Temp. Radiation sy it
X1 X2 X3 X4
Sensible Temp. 1[{;2;25 Pr(;ﬂgg;lon Classification
X5 X6 X7 X8
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Fig. 3. DNN input output model.
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Istm_cell=tf.contrib.mn.BasicLSTMCell(n_hidden, forget bias=1.0)

outputs, states = tf.contrib.mn.static mn(Istm cell, x_split, dtype=tf.float32)
pred = tf.matmul(outputs[ - 1], weights) + biases

cost = tf.reduce mean(tf.square(pred-y))

optimizer=tf.train. AdamOptimizer(learning_rate=leaming_rate).minimize(cost)
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Fig. 4. LSTM input output model.
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Table 4. Prediction element additional result.
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