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Energy Demand/Supply Prediction and Simulator UI Design
for Energy Efficiency in the Industrial Complex
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Abstract As of the end of March 2022, the total area of domestic industrial complexes is 606 km2, which is
only about 0.6% of the total land area. However, as of 2018, the annual energy consumption of domestic
industrial complexes is 110,866.1 thousand TOE, accounting for 53.5% of the country's total energy consumption
and 83.1% of the entire industrial sector energy consumption. In addition, industrial complexes have a
significant impact on the environment, accounting for 45.1% of the country's total greenhouse gas emissions and
76.8% of industrial sector greenhouse gas emissions. Under this background, in this study, in order to contribute
to the energy efficiency of industrial complexes, a prediction study on energy demand and supply for an
industrial complex in Korea using machine learning was conducted. In addition, a simulator Ul screen was
designed to more efficiently convey information on energy demand/supply prediction results and energy
consumption status. Among the machine learning algorithms, Multi-Layer Perceptron (MLP) was used, and
Bayesian Optimization was applied as an optimization technique for the prediction model. The energy prediction
model for the industrial complex built in this study showed a prediction accuracy of 87.90% for compressed air
demand and 99.54% for the flow rate available for the public air compressor.
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No. Hyperparameter Search Range Optimal Value
1. | Hidden Layer Sizes 20 7 100 100
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No. Hyperparameter Search Range Optimal Value
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3. Solver Adam, Lbfgs Lbfgs
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