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Deep Neural Network Model
For Short-term Electric Peak Load Forecasting
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Abstract In smart grid an accurate load forecasting is crucial in planning resources, which aids in improving its
operation efficiency and reducing the dynamic uncertainties of energy systems. Research in this area has included
the use of shallow neural networks and other machine learning techniques to solve this problem. Recent researches
in the field of computer vision and speech recognition, have shown great promise for Deep Neural Networks (DNN).
To improve the performance of daily electric peak load forecasting the paper presents a new deep neural network
model which has the architecture of two multi-layer neural networks being serially connected. The proposed network
model is progressively pre-learned layer by layer ahead of learning the whole network. For both one day and two

day ahead peak load forecasting the proposed models are trained and tested using four years of hourly load data
obtained from the Korea Power Exchange (KPX).

Key Words : Convergence, Convergence, Power Demand Forecasting, Electric Peak Load Prediction, Deep Neural
Network, Deep Learning
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Table 1. Variables for day type

Tues—Fri Sat Sun Holiday

Mon

No

A

KA

Table 2. The number of input variables

‘#_.nmo

o
T\
S
H —
W |-
8
W 0w|iww|wv
8
El---|-
-Z/2|Z|E
3|88\ 8 &
o
s
.z:’
=
——
fite]
il
[
X
5 o¢
)
. B
N B
o
—
o

t The day to predict
MT: Maximum temperature

Ar

24 HLP: 24 hourly electric load profile

PL: Daily peak electric load
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Fig. 1. The architecture of the proposed deep neural
network (DNN)
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Fig. 2. Pre—learning of DNN
a. Pre—learning of the 1** MLP
b. Pre—learning of the 2" MLP
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Table 4. Comparison of 1 day ahead peak load
prediction accuracy

MPAE
Model -
Train Test
RBFN2[15] 1.142 1.298
RBFN2 error correction[15] 1.192 1.284
MLP 1.058 1.351
DNN 1.003 1.275

Fig. 3. Learning of DNN
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Table 3. Deep neural network parameters for the
electric peak load prediction model

Model Ny1 Mo
ONN 1 day 19 15
2 days 23 19

7,1+ The number of neurons in the 1* hidden layer
My,9¢ The number of neurons in the 2 hidden layer

1 day: 1 day ahead peak load prediction model
2 day2: 2 days ahead peak load prediction model
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Table 5. Comparison of 2 days ahead peak load
prediction accuracy

MPAE
Model -
Train Test
MLP 1.252 1.771
DNN 0.908 1.276
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Fig. 4. A day ahead peak load prediction in the
learning
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Fig. 5. A day ahead peak load prediction in the
test
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Fig. 6. Two days ahead peak load prediction in
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