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Abstract

The steel industry is one of the most energy-intensive manufacturing sectors, and small-scale producers often
struggle to manage energy consumption efficiently while meeting sustainability goals. This study investigates the
use of machine learning, specifically the Extreme Gradient Boosting (XGBoost) algorithm, to forecast energy
usage in a small-scale steel manufacturing plant. A dataset comprising 35,040 instances and nine operational,
temporal, and environmental features was pre-processed and used to develop a regression-based forecasting
model. The XGBoost model demonstrated excellent predictive performance, achieving R? values of 0.999 on the
training set and 0.997 on the test set, with low RMSE and MAE. Feature importance analysis revealed that
reactive power factors and CO; emissions were the most influential variables affecting energy consumption
patterns. The findings confirm that machine learning-driven forecasting can significantly enhance energy
management by providing accurate predictions that support operational optimization, cost reduction, and
environmental sustainability. This study underscores the potential of integrating intelligent predictive systems
into small-scale steel manufacturing to promote more efficient, sustainable energy practices and to provide a
foundation for future research on adaptive, real-time forecasting models.

Keywords: Energy consumption forecasting, Sustainable steel industry, Machine learning, Industrial energy
management.

1| Introduction

The steel industry plays a critical role in global manufacturing, supporting sectors such as infrastructure,
transportation, construction, and industrial development [1—4]. Despite its importance, steel production
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remains one of the most energy-intensive industrial activities, relying heavily on electricity and fossil fuels for
core processes such as melting, rolling, and casting [5], [6]. This high energy demand not only increases
manufacturers' operational costs but also significantly contributes to greenhouse gas emissions, intensifying
global climate challenges [7]. These issues are particulatly burdensome for small- and medium-scale steel
producers, who must balance production efficiency with compliance to increasingly stringent environmental
regulations and rising societal expectations for sustainable practices [8].

The environmental implications of excessive energy consumption in steel manufacturing are profound. High
levels of carbon dioxide and pollutant emissions contribute to climate change [9], [10], air degradation, and
ecological instability [11], [12]. Additionally, the extraction and use of fossil fuels can damage ecosystems,
reduce biodiversity, and contaminate water sources [13]. As global awareness of environmental sustainability
grows, industries face mounting pressure to reduce their carbon footprints and transition to cleaner, more
responsible operations [13-15]. Addressing these challenges is essential not only for environmental
preservation but also for maintaining competitiveness and meeting stakeholder demands in a rapidly evolving

industrial landscape.

Improving energy efficiency is a central strategy for mitigating environmental impacts and enhancing
industrial sustainability [16], [17]. However, many traditional energy management systems used in steel plants
lack the analytical intelligence needed to forecast energy demand accurately or optimize real-time usage [18],
[19]. This limitation often leads to inefficiencies, resoutce waste, and unnecessary emissions. To overcome
these issues, technological innovation, particularly in data analytics and machine learning, offers
transformative potential [20—-22]. Innovative digital tools can uncover complex, previously hidden patterns in

industrial energy data, enabling more efficient and environmentally responsible decision-making,.

Machine learning has emerged as a powerful innovation for forecasting energy consumption, identifying
inefficiencies, and supporting proactive energy management (Mhlanga [23], Benti [24], Forootan [25]). By
analyzing large, multivariate datasets, machine learning algorithms can detect subtle relationships that
traditional statistical methods may overlook [20], [27]. Among these techniques, Extreme Gradient Boosting
(XGBoost) stands out for its scalability, accuracy, and ability to handle complex feature interactions [28]. As
an innovative boosting-based algorithm, XGBoost can generate highly precise predictions, making it
exceptionally valuable for operational optimization in energy-intensive industries.

Despite its documented success in other domains, the application of XGBoost to energy consumption
forecasting within small-scale steel industries remains limited. This gap presents an opportunity to integrate
advanced digital technologies into traditional manufacturing environments, thereby promoting greater
sustainability and operational efficiency. Therefore, this study aims to explore how machine learning
innovation, specifically XGBoost, can be employed to forecast energy consumption in a small-scale steel
manufacturing context. Using a comprehensive dataset of operational parameters, the research develops a
predictive model that provides actionable insights to optimize energy use, reduce environmental impact, and
lower operational costs. The findings demonstrate that integrating innovative machine learning solutions into
industrial energy management systems can support compliance with environmental regulations while
promoting a more sustainable and efficient steel production ecosystem.

2| Methods

2.1| Dataset

This study utilized a publicly available dataset from the UCI Machine Learning Repository, originally collected
from a small-scale steel manufacturing facility in South Korea [29]. It comprises 35,040 instances with nine
features and one target variable (Usage_kWh), encompassing both continuous and categorical data relevant
to energy consumption patterns in steel manufacturing. The dataset is suitable for forecasting energy usage.
The energy consumption data is maintained in a cloud-based system and includes perspectives on daily,
monthly, and annual usage. This comprehensive dataset enables the development of machine learning models
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to forecast energy consumption, facilitating improved energy management and contributing to environmental
sustainability in the steel manufacturing sector. The variables used in this study are listed in Table 7, along with
their names, types, and descriptions.

Table 1. Variables used in the study.

Variable Name Type Description

date Date Date of the record

Lagging Current_Reactive.Power_kVarh ~ Continuous Lagging current reactive power (kVarh)
Leading_Current_Reactive_Power_kVarh  Continuous Leading current reactive power (kVarh)

CO2(tCO2) Continuous  Carbon dioxide emissions (ppm)
Lagging Current Power_Factor Continuous  Lagging current power factor (%)
Leading_Current_Power_Factor Continuous  Leading current power factor (%0)
NSM Integer Number of seconds from midnight
WeekStatus Categorical ~ Weekend (0) or weekday (1) indicator
Day_of_week Categorical ~ Day of the week (Sunday to Saturday)
Usage_kWh Continuous  Industry energy consumption (kWh)

2.2| Data Preprocessing

Effective data preprocessing was essential to prepare the dataset for modelling [30]. Initially, the dataset was
loaded, and the date column was converted to a datetime format to enable time-based analysis. Ensuring the
correct date format enabled the extraction of temporal features and the chronological sorting of data, which
are crucial for time series forecasting. The data were then sorted in ascending order by the date column to

maintain temporal sequence. Any missing values in the dataset were set to zero.

Feature engineering involved extracting additional time-related features from the date column, including hour,
month, year, and day. These features help the model learn daily, monthly, and yearly trends or seasonality in
energy consumption. Categorical variables were label-encoded to convert them into numerical form suitable
for modeling. Label encoding assigns a unique numerical value to each category, making the data compatible

with machine learning algorithms.

Features not required for modeling, such as the original date column and the day feature, were dropped to
prevent redundancy and potential information leakage. The target variable was identified as Usage kWh,
representing the industry's energy consumption in kilowatt-hours. A time-based split was performed to divide
the dataset into training and test sets, with 80% of the data used for training and 20% for testing. This
approach ensures that the model is trained on past data and tested on future data, which is appropriate for
time series forecasting and helps prevent look-ahead bias [31].

2.3| XGBoost Model

An Extreme Gradient Boosting (XGBoost) model was developed to predict energy consumption based on
the preprocessed dataset [32]. XGBoost was selected for its strong performance on regression tasks involving
nonlinear relationships, multicollinearity among features, and large-scale industrial datasets, making it well-
suited for modeling complex energy consumption patterns in steel manufacturing systems.

The model objective function was set to reg:squarederror, which is appropriate for continuous-valued
regression problems and provides stable gradient updates during training. The number of estimators was set
to 100, balancing model expressiveness and computational efficiency. This value is commonly used in energy
forecasting studies and is sufficient to capture complex feature interactions without excessive training time.

A learning rate of 0.1 was selected to control the contribution of each tree to the final ensemble. This
moderate learning rate helps stabilize the boosting process by allowing gradual error correction while reducing
the risk of overfitting. The maximum tree depth was limited to 5, constraining model complexity and
preventing overly deep trees that may memorize noise rather than generalizable patterns, which is particularly

important in time-dependent industrial data. To ensure reproducibility and consistency of results, the random
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state was fixed at 42. The selected hyperparameters follow widely accepted best practices in gradient boosting

applications and have been shown to perform reliably across similar energy forecasting tasks [33].

The model was trained on the training dataset, where XGBoost builds an ensemble of decision trees
sequentially [34], [35]. Each subsequent tree aims to correct the errors of the previous ones, allowing the
model to capture complex patterns in the data. After training, the model was used to predict energy
consumption on both the training and testing datasets. Predictions on the training set helped evaluate how
well the model had learned from the data. In contrast, predictions on the testing set assessed the model's

ability to generalize to new, unseen data.
2.4 | Model Evaluation

Model evaluation was conducted to assess the predictive accuracy and generalization capability of the
XGBoost model. After generating predictions for both the training and testing sets, the predicted values were
aligned with their corresponding timestamps to enable temporal analysis. To reduce short-term noise and
emphasize broader consumption patterns, the actual and predicted energy usage values were aggregated to a

daily level by grouping them by date and calculating the mean daily consumption.

Three evaluation metrics were used to assess model performance: the Coefficient of Determination (R2), Root
Mean Squared Error (RMSE), and Mean Absolute Error (MAE). Together, these metrics provide a
comprehensive understanding of the model’s effectiveness by quantifying the variance explained, the
magnitude of prediction errors, and the average absolute deviation between actual and predicted values (Roy
and Kar, 2015).

The R? score evaluates the proportion of variance in the target variable that is captured by the model, serving

as an indicator of overall goodness-of-fit:

IO R
(i =9

The RMSE measures the square root of the average squared difference between actual and predicted values,

RZ=1 @)

indicating how widely predictions deviate from true observations:

RMSE = 2

The MAE quantifies the average magnitude of prediction errors in absolute terms, providing a direct and

interpretable error measure:

n
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where y; represents the actual energy consumption, ¥, is the predicted consumption, ¥ is the mean of the
actual values, and n is the number of observations. These metrics were calculated for the test dataset to
evaluate the model’s performance on unseen data. The combination of a high R? score and low RMSE and
MAE values provided strong evidence of the XGBoost model’s capability to accurately forecast energy
consumption. To visually assess model behavior, line plots compating actual and predicted daily averages
were generated for both training and testing periods. This allowed identification of trends, deviations, and
periods of strong or weak model performance. Additionally, residual plots were created to further examine
error distributions and detect any systematic biases. Collectively, these evaluations confirmed the model's
robustness and stability in forecasting energy consumption in the steel manufacturing context.
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3| Results and Discussion

The performance of the XGBoost model in forecasting energy consumption is summarized in Table 2. The
results show that the model achieved highly accurate predictive performance on both the training and testing
datasets. On the training set, the model achieved an R? of 0.999 and very low error metrics (RMSE = 0.299,
MAE = 0.228), indicating that it effectively learned the underlying patterns in the multivariate energy
consumption data.

Although a slight reduction in performance was observed on the test set, the model still maintained strong
generalization, with an R2 score of 0.997, RMSE of 0.667, and MAE of 0.564. This small gap between training
and test performance suggests minimal overfitting and that the selected hyperparameters and preprocessing
procedures were appropriate for the prediction task.

The high R? values for both datasets show that XGBoost successfully captured the nonlinear dependencies
among the input features, including reactive power parameters, CO> emission levels, temporal indicators
(hour, day, month), and categorical variables such as day-of-week and weekend status. These features
collectively enhanced the model’s ability to identify detailed energy consumption patterns across different
operational conditions. Furthermore, the relatively low RMSE and MAE values confirm that the differences
between predicted and observed energy usage were small, demonstrating the model’s stability and accuracy
in practical forecasting scenarios.

Table 2. Performance metrics of the XGBoost model for forecasting energy
consumption on the training and testing datasets.

Metric Type R? Score RMSE MAE
Training 0.999 0.299 0.228
Testing 0.997 0.667 0.564
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Fig. 1. Actual and predicted average daily energy consumption for the training and
testing datasets using the XGBoost model.

Fig. 7 compares the actual and predicted average daily energy consumption for both the training and testing
periods. The close alignment between the observed and forecasted values further supports the numerical
findings. During the training period, the predicted line closely matches the actual consumption pattern,
indicating the model’s strong ability to learn complex nonlinear relationships. Similarly, during the testing
period, the predictions closely track actual usage, capturing both short-term variations and longer-term trends.
These results indicate that the model effectively utilizes the diverse feature set, including reactive power
measurements, COz emissions, temporal features, and categorical indicators such as week status, to learn
detailed patterns in energy consumption behaviour. The model’s high predictive accuracy suggests that
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machine learning—based forecasting is a viable approach for supporting energy optimization in small-scale
steel production environments.

To further assess model performance and identify potential sources of prediction error, a residual analysis
was conducted for both the training and testing datasets. Figure 2 illustrates the residuals, defined as the
difference between actual and predicted energy consumption values, plotted over time. For the training
period, the residuals are tightly clustered around zero, indicating that the model captured the majority of the
underlying patterns in the data with minimal bias. Occasional fluctuations are observed but remain relatively
small, suggesting stable, consistent learning. During the testing period, the residuals exhibit slightly larger
variance, particularly toward the end of the timeline. This increase is expected as the model is exposed to
previously unseen data, yet the error magnitudes remain within acceptable limits. The residuals do not exhibit
systematic patterns or long-term drift, confirming that the model did not fall prey to temporal, structural, or
seasonal biases. Overall, the residual analysis supports the conclusion that the XGBoost model generalizes
well and maintains reliable predictive performance across different periods.
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Fig. 2. Residual plot for training and testing datasets showing the difference between
actual and predicted energy consumption over time.

To understand which variables contributed most to the model’s predictive accuracy, a feature importance
analysis was conducted using XGBoost’s built-in importance scores. Figure 3 presents the ranked importance
of all input features. ‘The results indicate that Lagging Current Power_Factor and
Lagging Current_Reactive.Power_kVarh were the most influential predictors, reflecting their strong
association with fluctuations in energy usage. These features are directly tied to electrical load behavior,
making them highly relevant for forecasting consumption in steel production processes. The third most
important feature, CO; (tCO»), also played a significant role, suggesting a meaningful relationship between
emission levels and operational energy demand. Other features, such as Leading Current Power_Factor,
month, and NSM (Number of Seconds from Midnight), contributed moderately, capturing temporal trends
and variations in load characteristics throughout the day and year. Categorical indicators, including day of the
week and weekend status, exhibited lower importance scores, indicating that energy consumption patterns in
this steel manufacturing context are driven more by operational factors than by weekly scheduling differences.
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Fig. 3. Feature importance ranking produced by the XGBoost model.

The results of this study demonstrate that the XGBoost model is highly effective for forecasting energy
consumption in a small-scale steel industry environment. The exceptionally high R? scores on both training
(0.999) and testing (0.997) datasets indicate that the model successfully captures the complex nonlinear
relationships inherent in industrial energy usage. This level of accuracy highlights XGBoost’s strong capability
to model multivariate time-series data, especially when intertwined operational, environmental, and temporal
factors influence consumption. A notable observation is the model’s strong generalization performance,
evidenced by the relatively small gap between training and testing errors. While a slight increase in RMSE and
MAE on the test set is expected, the overall performance confirms that overfitting was minimized through
the chosen preprocessing strategy and hyperparameter configuration. This suggests that the model can reliably
support real-world consumption forecasting tasks without substantial degradation when exposed to unseen
data. The feature importance results further emphasize the dominance of electrical power-related parameters
such as Lagging Current Power_Factor and Lagging Current Reactive.Power_kVarh, reflecting their direct
correlation with operational energy demand in steel manufacturing. The importance of CO; emissions as a
contributing factor implies a meaningful dependency between production load intensity and emission
behavior, underscoring the value of integrating environmental indicators into predictive analytics. Temporal
features also contributed significantly, indicating the presence of daily cycles and seasonal effects in the plant’s

energy usage patterns.

These findings imply that machine learning—based forecasting, particularly with XGBoost, can provide
substantial value to small-scale steel producers seeking to optimize energy use. Integrating such predictive
systems into existing energy management workflows may support more informed scheduling, load balancing,
and cost control. Furthermore, accurately forecasting consumption enables manufacturers to plan for
demand-response programs, negotiate more favorable electricity tariffs, and reduce the environmental impact

associated with inefficient energy practices.

Despite its strengths, this study presents several limitations. First, the dataset originates from a single steel
plant in South Korea, which may limit the model's generalizability to other regions, production scales, or
technological contexts. Differences in equipment, production schedules, and energy policies could alter
consumption behavior and reduce model transferability. Second, the study relies exclusively on XGBoost.
However, it performs well; a comparative analysis with deep learning models such as LSTMs or Temporal
Convolutional Networks could provide deeper insights into the model's suitability for long-term forecasting.
Additionally, missing values in the dataset were filled using simple imputation (zeros), which may not fully
reflect the true variability in the underlying processes. Future research should explore integrating more
granular operational data, such as furnace temperature, production batch size, and machine operating status,
to enhance predictive performance. Incorporating real-time sensor data and Industrial Internet of Things
(IIoT) systems would also enable the development of adaptive online learning models that dynamically
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respond to changing production conditions. Comparative studies across multiple steel plants would
strengthen the generalizability of findings and facilitate the creation of a robust, industry-wide forecasting
framework. Furthermore, future work could evaluate hybrid systems that combine prediction with
optimization algorithms to support automated decision-making for energy efficiency and carbon-reduction
initiatives.29

4| Conclusion

This study demonstrated the effectiveness of machine learning, specifically the XGBoost algorithm, in
forecasting energy consumption within a small-scale steel manufacturing environment. Using a
comprehensive dataset comprising operational, temporal, and environmental variables, the model achieved
outstanding predictive performance, with R? scores of 0.999 on the training set and 0.997 on the test set.
These results confirm the model’s ability to capture complex nonlinear interactions among reactive power
factors, CO2 emissions, and time-based features that drive energy use patterns in steel production processes.

The findings highlight the practical value of integrating advanced predictive analytics into industrial energy
management systems. Accurate energy forecasts can support more strategic decision-making, including
production scheduling, load optimization, cost allocation, and environmental compliance. For small- and
medium-scale steel producers, such forecasting tools offer a cost-effective pathway toward improved
efficiency and reduced emissions, aligning with global efforts to promote sustainable industrial operations.
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