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Deep Learning Based Electricity Demand Prediction and Power Grid
Operation according to Urbanization Rate and Industrial Differences
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sanghun@ewha.ac.kr Abstract >> Recently, technologies for efficient power grid operation have be-
come important due to climate change. For this reason, predicting power de-
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mand using deep learning is being considered, and it is necessary to understand

Accepted 15 October, 2022 the influence of characteristics of each region, industrial structure, and climate.
This study analyzed the power demand of New Jersey in US, with a high urban-
ization rate and a large service industry, and West Virginia in US, a low urban-

ization rate and a large coal, energy, and chemical industries. Using recurre
neural network algorithm, the power demand from January 2020 to Augu

nt
st

2022 was learned, and the daily and weekly power demand was predicted. In ad-
dition, the power grid operation based on the power demand forecast was
discussed. Unlike previous studies that have focused on the deep learning algo-
rithm itself, this study analyzes the regional power demand characteristics and

deep learning algorithm application, and power grid operation strategy.

Key words : Artificial Intelligence(?l & X| &), Deep learning(2 2{ d ), Power grid(
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Table 1. Datasets used for deep learning

Train data Test data
.. 2020.01.01.~ 2022.08.04.~
Weekly predictions | ) 48,03 2022.08.10
. . 2020.01.01.~
Daily prediction 2022.08.09 2022.08.10
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Table 2. Hyperparameters of SimpleRNN

Hyperparameter Value
Number of neurons 40
Optimizer Adam
Activation function tanh
Dropout rate 0.15
Loss function Mean squared error (MSE)
Epoch 100
Batch size 128
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Dense | output:

Fig. 1. Visualization of SimpleRNN model
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Fig. 2. Electricity demand curve for Jan 2020-Jul 2022: (a) New Jersey and (b) West Virginia
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Fig. 3. Model train vs validation loss with increasing epoch: (a) weekly and (b) daily prediction for New Jersey, and (c) weekly and (d)

daily prediction for West Virginia
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Fig. 4. Weekly electricity demand prediction: (a) New Jersey
and (b) West Virginia

Table 3. Quantitative evaluation of the RNN model weekly
forecasting results
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Table 4. Quantitative evaluation of the RNN model daily fore-
casting results

Region MSE MAE Region MSE MAE
New Jersey 0.003 0.047 New Jersey 0.002 0.039
West Virginia 0.003 0.043 West Virginia 0.001 0.044
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