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Abstract— Energy has been obtained as one of the key inputs for a country's 

economic growth and also for social development as well. Analysis and modeling of 

industrial energy are currently a time-insertion process because more and more 

energy is consumed for economic growth in an industrial factory. Industrial energy 

consumption analysis and predictions play a very important role in improving 

energy utilization rates to make profitable things for industrial companies or 

factories. This study is aimed to present and analyze the predictive models of the 

data-driven system for the uses of appliances. This paper is intended to address the 

filtering of data to use non-predictive parameters and ratings of features. With 

repeated cross-validation, three statistical models were trained and tested in a test 

set: 1) general linear regression model (GLM), 2) support vector machine with the 

radial kernel (SVM RBF) 3) boosting tree (BT). The performance of prediction 

models was measured by R2 error, root mean squared error (RMSE), mean absolute 

error (MAE), and coefficient of variation (CV). The best model from the study is the 

support vector machine (SVM) that has been able to provide R2 of 0.86 for the 

training data set and 0.85 for the testing data set with a low coefficient of variation 

 

Keywords— Energy Consumptions, Correlation, General Linear Regression, 

Support Vector Regression, Boosting Tree 
 

1. INTRODUCTION 

Energy is the most significant and vital requirement for all living things on earth 

to survive and grow. Energy has been seen as one of the key inputs for a country's 

economic growth and social development, and nowadays more and more energy is 

being used for both economic growth and population growth. Facilities of industrial 

customers and the use of electricity to process various types of machinery, 

manufacture or assemble products, including such diverse industries as production, 

mining, and construction [1]. Ultimately, more than one-third of electrical energy is 

used by those industrial sectors from total energy for a country. 

Since the 1990s, South Korea's manufacturing industry has continued to expand 

at a high pace and has become the main driving force of South Korean economies, 

with rapid growth. Primary energy consumption rose at an annualized rate of 7.5% 

in the 1990s, which in the same period was higher than the annualized economic 
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growth rate of 6.5%. This was due to the rapid growth of energy-intensive factories 

and petrochemical industries as well. The sharp increase in industrial electricity 

consumption helped to increase the loss of energy conversion, further reducing the 

energy intensity [2]. Many studies have shown that improving energy efficiency is very 

important for economic growth [3],[4]. Industrial factory owners are also beginning to 

realize that analyzing and forecasting the energy data with the production data is so 

important for the benefit of their companies or plants.  

This paper focused on energy consumption based on the productions of the Daewoo 

steel factory in South Korea The rest of this paper is arranged in the following way. 

Section two discusses the related works. Section three discusses the analysis 

methodology. Section four presents the reported data and description, exploratory 

analysis, filtering, and significance of data features. Section five concentrated on 

findings and discussion, and the paper is concluded in section six.  

 

2. RELATED WORKS 

Reducing energy use in the steel sector is a global problem where the government is 

aggressively taking steps. A steel plant can handle its resources better if it is possible to 

model and estimate consumption [5]. The calculation of the heating load is the first step 

of the construction process for iterative heating, ventilation, and air conditioning 

(HVAC). [6]. The highest contributors to the overall structure and strength effect came 

from the electrical equipment and machinery and raw chemical materials and chemical 

components sub-sectors, and the smallest contributions were from the gas and petroleum 

refining and coking manufacturing and supply industries. [7]. Technological innovation 

has provided large opportunities for researchers in diverse fields to use artificial 

intelligence. In the manufacturing and development fields, various attempts have been 

made to use machine learning methods [8]. 

 

3. MATERIALS AND METHODS 
 

3.1. DATA DESCRIPTION 

There are two types of data set available in this study that have been gained from 

Daewoo Steel Factory, South Korea. Between these two data sets, one data set for the 

energy consumption of the steel factory and the other data set for the productions of the 

steel factory. This factory manufactured different types of steel, rods, and plates. The 

period of collecting data is 365 days (12 months) for the year 2017. Fig. 1 shows the total 

usages of energy for the year 2017. 

 

 

Fig. 1   Energy Consumption Measurement for the Year 2017 
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3.2. EXPLORATORY ANALYSIS 

In this study, the data set has a total of 18222 entries with 12 variables.  The final 

dataset is deveined into two-part one training validation part and another one is 

testing validation part by using CCARET’s data partition. For training the models 

75 present data is used and the rest data is used for testing purposes. Fig. 2 shows 

the relationship among all variables with the usages of total energy in the training 

data sets by using the pairs plot function. This diagram shows below the directional 

histogram plots the bivariate scatter plots around the directional and the spearman 

connection above. This is the estimate of the two variables' monotonic relations. 

The correlation of 1 is a positive overall correlation and -1 is negative overall 

correlations and 0 does not reflect a correlation between variables. Fig. 2 shows the 

positive correlation between energy and skelpkg (.61). This means for 

manufacturing skelp this Daewoo steel factory used more energy than other 

manufacturing products in the year 2017. The relation between Sheet and usages of 

energy is (.51) and also the relation between manufacturing product cyong and 

usages of energy (.37). 

 

 

Fig. 2   Pairs Plot.  Relationship between the Energy Consumption of Industrial 

Resources with the Production  

 

Fig. 3   Hourly Usages of Energy Measurement for Every Month of the Year 2017 

Fig. 3 shows every hour total usages of energy for working days consumption of 

every month in the year 2017. The x-axis shows the time in hours in the table, and 

the y-axis shows in kWh for overall energy usages. From the figure, we can see that 

every month from morning 8 am to 10 pm energy consumption is so high and we 

can also see that after 11 pm to till 8 am energy consumption is low. Fig. 4 shows 

the variable importance of the Daewoo steel factory by using Boruta’s algorithm. 

From the figure, we can easily find out that skelp is the most important variable for 

the Daewoo steel factory of South Korea. 
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Fig. 4   Component Importance and Preference from Boruta's Algorithm 

3.3.1. LINEAR REGRESSION: Linear regression is associated with the nursing 

method for analyzing the relationship between a scalar dependent quantity variable 

y and one or more independent quantity variable X denoted. In statistics, the general 

linear regression model (GLM), is a flexible generalization of the simple l inear 

regression model (GLM) [9] and assumes that the data points are distributed 

randomly. 

 

We assume a model, 

                                        (1) 

Here G(M) is the identified relation function, β0 is the regression coefficient,  is the 

predictor, y is the predicted output, O is the offset variable [9], and K is the distribution 

model of y. 

 

3.3.2. SUPPORT VECTOR REGRESSION: In data science, the area unit 

supports vector machines ( SVMs) and supervises learning models with related 

learning algorithms analyzing information. Support Vector Machine can also be 

used as a regression tool, holding all the most options characterizing the formula 

(maximum margin) [10]. Support Vector Regression (SVR) uses a similar concept 

for classification due to SVM with only a few minor variations. First, since the 

output is a real number, predicting the information at hand becomes very 

complicated, which has infinite possibilities. For the case of regression, an 

approximation to the SVM, there is a margin of tolerance (epsilon) which may have 

already been requested from the matter, but there is also an additional sophisticated 

explanation, so the formula is more complicated to consider[11].  

Equation of SVR; 

                                    (2) 

In this case, the value of  is similar to the outer combination of two vectors xi and 

xj in the function space ϕ(xi) and ϕ(xj), that is, K(xi,xj) = ϕ(xi)·ϕ(xj). All required 

simulations can indeed be performed directly in the feature space, and no need to 

calculate the map ϕ(x), by the use of kernels. 

 

3.3.3. BOOSTING TREE: Boosting Tree is a regression and classification problem 

machine learning technique and generates a prediction model in the form of an ensemble 

of strong prediction models. Boosting Trees (BT) consists of an ensemble of decision 

trees and is an additive regression model. A single decision tree has the problem of over-

fitting, but by integrating hundreds of weak decision trees consisting of a few leaf nodes, 

the BT algorithm can solve this [12]. 

https://www.sciencedirect.com/topics/engineering/regression-coefficient
https://www.sciencedirect.com/topics/engineering/distribution-model
https://www.sciencedirect.com/topics/engineering/distribution-model


Journal of Science and Engineering Management 

Vol. 1, No. 2 (2020) 

 

 

Copyright © 2020 NADIA    13 

Assume model is, 

                                      (3) 

3.4. EVALUATION INDICES 

All prediction models are equipped to select the finest tuning parameters with a 10-fold 

cross-validation scheme. To compare the regression model performance, multiple 

measurement parameters are used. The performance measurement indices used here are R 

square value, root mean square error (RMSE), mean absolute error (MAE), and 

coefficient of variance (CV). 

RMSE is a scale-dependent metric and it results in values with the same units of the 

measurements and R2 is the coefficient of determination, which ranges from 0 to 1, 

reflecting the goodness-of-fit.  

Equations are,  

                   

Mean absolute error (MAE) to evaluate the prediction acuteness and MAE is a scale-

dependent metric. We can calculate MAE by using the following equation, 

 

Here, is the actual measurement value,  is the predicted value and n is the number 

of performance measures. 

To calculate the measure of relative variability the coefficient of variation (CV) is 

utilized. CV is used to find out the ratio of the standard deviation to the mean.  

Equation of coefficient of variation: 

 

Here, = Actual measurement value,  = Predicted value n = Number of performance 

measures =  is mean value Multiplying the coefficient by 100 to get a percentage. 

 

5. RESULT AND DISCUSSION 

To figure out the optimum controller parameters in each of the regression algorithms it 

is necessary to define and minimize the error values. The caret kit offers a grid search 

feature to find the right parameter values for a model. In our study, we use three statistical 

models to find the best prediction model among these three.  Three statistical models are 

the general GLM, SVM Radial, and BT and we find out the performance of all 

predictions model by measuring R2, RMSE, MAE, and CV% value. Fig. 5 shows the grid 

search results for optimal values for the SVM Radial kernel. For SVM- radial kernel 

model we need two tuning parameters namely sigma and cost. Fig. 6 shows a grid search 

result for BT. Table 1 displays the model's performance outcomes for both data sets in 

training and testing. From table 1 we can easily find out the best prediction among the 

statistical model. 
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Fig. 5   Results for Appeasement Values of Sigma and Cost for the SVM-radial 

Model using the Grid Search Function 

 

Fig. 6   Results for Appeasement Values of Sigma and Cost for Boosting Tree using 

the Grid Search Function 

Table 1. Models Performance for Taring and Testing Data Sets 

 

Models. 

Training. Testing. 

 R square RMSE MAE CV(%) R square RMSE MAE CV(%) 

GLM 0.79 7.40 5.01 17.25 0.76 7.00 5.32 18.62 

SVM RBF 0.86 6.61 4.59 14.36 0.85 6.13 4.30 15.48 

BT 0.84 6.17 4.82 15.51 0.84 6.57 4.67 16.32 

 

Every method includes thirty outcomes of ten-fold cross-validation (CV) sets and three 

repeats after training of each regression model. This instruction is being used by CARET 

along with the confidence intervals to plot R2 and RMSE values for each model together. 

The model with close to 1 of R square and lowest RMSE value is considered as the best 

one among these three models for prediction. As we can see from table 1 SVM Radial has 

the best R square and RMSE value among these three predictive models. So, SVM Radial 

is the best predictive model consider with GLM and BT. Fig. 7 shows the variable 

importance for the GLM, SVM Radial, and BT models, and from Fig. 7 we can easily 

justify that skelp is the most important parameter or product for using energy in the 

Daewoo steel factory, South Kore.  
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Fig. 7   Variable Importance for GLM Square, SVM, and BT 

All tests and analyses give us the acuteness between energy consumptions and 

different types of manufacturing products Daewoo steel factory. As shown in Fig. 1 The 

Daewoo steel industry's energy consumption structure is extremely complex, with almost 

continuous cycles of demand followed by high spikes. In fig. 2. there are strong 

associations between energy and skelp usages (0.61). Fig. 3 Shows hourly usages of 

energy measurement for every month of the year 2017. The Boruta algorithm observed 

that the dataset has two random variables and then also indicated that almost all the key 

parameters are important in the problem of prediction in fig. 4. From table 1 we find 

SVM Radial is the best fit model based on R square error .86 for taring and 0.85 for 

testing data sets for steel factory energy prediction among three models. Regarding the 

variable importance functions in fig. 7 we find out skelp is the most important factor for 

energy consumption. 

 

6. CONCLUSION 

In the case of both the prediction models in exploratory analysis and the data analysis 

revealed a thought-provoking result. The pairwise plots displayed different types of 

parameter relationships that could be concealed in the initial statistical models. The GLM, 

SVM Radial, and BT models boost the predictions of R square value, RMSE, and MAE 

to compared with the models and considered from all three models SVM Radial based 

model give the best result for predictions. For all regression models, Skelp was 

considered as the most important product in the Daewoo steel factory, and also for 

predicting energy consumption skelp is the most important factor. Future work could 

include analyzing the energy consumption for every equipment of the Daewoo steel 

factory and try to find out product wise energy consumption. 
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