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Abstract

The purpose of this study was to compare the performance using multiple regression models to predict the energy consumption

of steel industry. Specific independent variables were selected in consideration of correlation among various attributes such as

CO2 concentration, NSM, Week Status, Day of week, and Load Type, and preprocessing was performed to solve the

multicollinearity problem. In data preprocessing, we evaluated linear and nonlinear relationships between each attribute through
correlation analysis. In particular, we decided to select variables with high correlation and include appropriate variables in the

final model to prevent multicollinearity problems. Among the many regression models learned, Boosted Decision Tree Regression
showed the best predictive performance. Ensemble learning in this model was able to effectively learn complex patterns while

preventing overfitting by combining multiple decision trees. Consequently, these predictive models are expected to provide

important information for improving energy efficiency and management decision-making at steel industry. In the future, we plan
to improve the performance of the model by collecting more data and extending variables, and the application of the model
considering interactions with external factors will also be considered.
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1. Introduction
1.1. Significance of the Study
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Table 1: Correlation coefficients between each variable and its
dependent variable
Pearson Correlation

Spearman Correlation

Attribute value Attribute Value
Lagging Current
Reactive Power 0.9 NSM 0.32
kVarh
Leading Current
Reactive Power -0.32 Week Status -0.31
kVarh
CO2(tC0O2) 0.99 Day of week -0.25
Lagging Current
Power Factor 0.39 Load Type 0.7
Leading Current 0.35 Season 013
Power Factor
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Figure 1: Machine Learning Process
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Figure 2: Neural Network Regression & Linear Regression
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Figure 3: Poisson Regression & Boosted Decision Tree
Regression
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Negative Log Likelihood  Mean Absolute Error  Root Mean Squared Error
17385.316727 2431549 4463418

24557.06429 4578391 7.340655

Relative Absolute Error  Relative Squared Error  Ceefficient of Determination
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Figure 4: Decision Forest Regression & Bayesian Linear
Regression
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3. Results
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