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Abstract

Nitrogen control in steel production critically influences mechanical properties and prod-
uct quality, yet traditional mechanistic models struggle to capture complex multivariable
interactions across the complete steelmaking chain. This study developed and validated
automated machine learning (AutoML) models using Microsoft Azure Machine Learn-
ing Studio to predict nitrogen content at four critical stages: desulfurization of pig iron
(Stage 1), basic oxygen furnace prior to tapping (Stage 2), secondary steelmaking initiation
(Stage 3), and secondary steelmaking finishing (Stage 4). Industrial data from 291 metal
samples across 76 heats were collected and processed, with stage-specific models employ-
ing stack ensemble architectures combining 4–7 algorithms with feature sets ranging from
12 to 35 variables. The models achieved normalized root mean squared errors between
0.112–0.149, mean absolute percentage errors of 14.6–21.1%, and Spearman correlations of
0.310–0.587, with secondary steelmaking models demonstrating superior performance due
to more controlled thermodynamic conditions. All models achieved sub-second prediction
latencies suitable for real-time industrial implementation. This research demonstrates that
AutoML effectively captures complex physicochemical relationships governing nitrogen
behavior throughout the steelmaking process, providing practical solutions for Industry
4.0 applications in steelmaking process control and quality optimization.

Keywords: automated machine learning; nitrogen prediction; steelmaking process;
ensemble modeling; process optimization; digitalization

1. Introduction
Nitrogen control in steel production represents one of the most challenging aspects

of modern metallurgy, significantly influencing the mechanical properties, corrosion re-
sistance, and overall quality of steel products [1–3]. The precise prediction and control
of nitrogen content throughout the steelmaking process chain is critical for achieving
desired steel specifications while optimizing production efficiency and minimizing mate-
rial waste [4,5]. Traditional approaches to nitrogen prediction have relied predominantly
on mechanistic models based on thermodynamic equilibrium calculations and empiri-
cal relationships derived from extensive plant trials [6,7]. While these methods provide
valuable insights into the fundamental physics and chemistry of nitrogen behavior, they
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often struggle to capture the complex, multivariable interactions characteristic of industrial
steelmaking processes [8,9]. The increasing availability of high-quality process data and
advances in computational capabilities have created unprecedented opportunities for data-
driven modeling approaches [10,11]. Automated machine learning (AutoML) has emerged
as a transformative technology in metallurgical process modeling, offering significant
advantages over traditional manual machine learning approaches [12,13]. AutoML frame-
works automate the entire machine learning pipeline, including feature selection, algorithm
selection, hyperparameter optimization, and ensemble construction, thereby reducing the
requirement for extensive machine learning expertise while potentially achieving superior
predictive performance [14,15]. Recent studies have demonstrated the effectiveness of
AutoML in various metallurgical applications. Chen et al. [1] developed an automated
ML program for predicting electrochemical reaction energies in metal-catalyzed nitrogen
reduction reactions, achieving excellent performance without manual intervention. The
program successfully identified key descriptors such as metal charge variance and elec-
tronegativity through automated feature selection processes. Zhang and Yang [2] conducted
a comprehensive review of machine learning applications in steelmaking process model-
ing, highlighting that artificial neural networks, support vector machines, and case-based
reasoning represent the most frequently employed algorithms. Despite these advances,
a significant gap remains in the literature regarding the comprehensive application of
AutoML across the complete steelmaking production chain. To the best of our knowledge,
no previous studies have systematically applied AutoML methodology to predict nitrogen
content across four consecutive production stages of steel manufacturing, thereby enabling
holistic coverage of the entire production sequence from pig iron desulfurization processing
to final molten steel formation within secondary steelmaking. Furthermore, the present
work addresses a methodological advancement in AutoML implementation by developing
a framework specifically designed for industrial deployment in steel production environ-
ments. This contribution represents a novel integration of AutoML technology with the
practical requirements and constraints of real-world metallurgical operations, bridging the
gap between academic research and industrial applicability in process optimization and
quality control systems. The application of machine learning techniques to nitrogen predic-
tion in steelmaking has shown considerable promise across various process stages. Patra
et al. [6] developed a mathematical model for predicting nitrogen content in steel melts
during stainless steel production using argon oxygen decarburization (AOD) converters.
Their model effectively predicted nitrogen content with respect to blowing time, consider-
ing bath temperature, composition variations, and nitrogen absorption–desorption kinetics.
Yoon et al. [4] presented a nitrogen prediction model for a 320-tonne converter, combining
thermodynamic and kinetic approaches with real-time process data. Their model consid-
ered heat supply from oxidation reactions, CO evolution, and scrap melting dynamics. The
study emphasized the importance of understanding nitrogen behavior in the context of
reduced hot metal ratios and carbon neutrality initiatives in steelmaking. Pitkälä et al. [14]
investigated nitrogen behavior in AOD processes during nitrogen-alloyed stainless steel
production. They developed kinetic models integrated with thermodynamic equilibrium
equations, successfully predicting nitrogen contents in the range of 0.150–0.400% for both
nitrogenation and denitrogenation stages.

AutoML frameworks have demonstrated significant potential in steel production
applications beyond nitrogen prediction. Wu et al. [5] implemented an AutoML approach
using AutoGluon-Tabular for inclusion prediction and process optimization, achieving an
8.85% reduction in inclusion rates. Their quantitative causal analysis framework effectively
identified critical process parameters and their interactions. Conrad et al. [8] conducted
a comprehensive benchmarking study of AutoML for regression tasks on small tabular
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datasets in materials design. They found that AutoML approaches were highly competitive
with manual model optimization, with data sampling strategies being crucial for reliable
results. Zhang et al. [9] evaluated TPOT and Auto-learn frameworks for mechanical
property prediction in steel, demonstrating that AutoML was competitive with manual
optimization while providing efficient model selection capabilities.

Ensemble methods have proven particularly effective for metallurgical process mod-
eling due to their ability to capture diverse aspects of complex physicochemical sys-
tems [16,17]. Liu et al. [7] developed a stacked autoencoder with sparse Bayesian regression
for end-point prediction problems in steelmaking, achieving improved accuracy and pro-
viding uncertainty estimates through error bars. The stack ensemble approach combines
multiple base learners through a meta-learner, enabling the capture of different types of
relationships within the data [18,19]. This architecture is particularly well-suited for steel-
making applications, where linear thermodynamic relationships coexist with non-linear
kinetic processes and complex interfacial phenomena [20].

Data quality represents a critical factor in the success of machine learning applications
in steelmaking. Zhang and Yang [2] emphasized that collected data in steelmaking plants
are frequently faulty, making data processing, particularly data cleaning, crucially impor-
tant for model performance. The detection of variable importance can be used to optimize
process parameters and guide production decisions. Xiao et al. [13] demonstrated that
AutoML platforms produce more reliable nanotoxicity prediction models than conventional
ML algorithms, with better data quality significantly enhancing performance. This finding
extends to metallurgical applications, where sensor noise, measurement uncertainties, and
process disturbances can significantly impact model reliability.

Despite the promising developments in AutoML and machine learning for metallurgi-
cal applications, there remains a significant gap in comprehensive studies that systemati-
cally evaluate nitrogen prediction across multiple stages of the steel production process.
Most existing studies focus on individual process units or specific steel grades, limiting the
understanding of nitrogen evolution throughout the complete steelmaking chain.

This study addresses this gap by developing and evaluating AutoML models to
predict nitrogen content at four critical stages of steel production. The research focuses on
predicting nitrogen in pig iron after desulfurization, in crude steel prior to tapping from
a basic oxygen furnace, at the initiation of secondary metallurgy and at the completion
of secondary metallurgy. The research objectives center on developing and evaluating
stage-specific AutoML models using the Microsoft Azure platform. This involves the
comparative evaluation of model performance across different steel production stages,
analysis of feature importance and the optimization of ensemble architecture. Finally, the
project aims to assess model interpretability and industrial applicability while investigating
the relationship between model complexity and predictive performance.

The study contributes to the growing body of knowledge on Industry 4.0 applications
in metallurgy and provides practical insights for implementing automated nitrogen control
systems in modern steelmaking operations.

2. Materials and Methods
The following is a brief outline of the production process of the material used to

generate the data for this article. Pig iron that has been produced in a blast furnace is subject
to pretreatment, i.e., desulfurization, using a vertical refractory lance (a Scandinavian lance).
A mixture based on CaO and Mg was used in the desulfurization process. The mixture was
injected into the pig iron using nitrogen as a carrier gas. In the next step, the desulfurized
pig iron was charged in BOF onto pre-charged steel scrap. The BOF vessel had a maximum
charging weight of 170 tonnes. An oxygen lance was then inserted into the BOF vessel and
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pure oxygen was blown in at supersonic speed for approximately 17 min. Blowing oxygen
involving the oxidation of impurities in the molten metal, such as Si, C, Mn, and P, increased
the physical heat and reduced the content of individual elements to the required values
specified by the steel grade being produced. If the chemical composition or temperature
did not meet specifications, reblow of oxygen was performed. The crude steel was then
tapped into a ladle containing carburizers (coke) at the bottom to promote mixing of the
melt by generating of CO2 bubbles. During tapping, aluminum blocks were added to
the steel stream to deoxidize it. Subsequently, ferroalloys were added to the ladle during
tapping. Throughout its time in secondary metallurgy, fine ferroalloys were added to finish
the steel. First, the melt was stirred in the ladle using argon, and then it was softly bubbled
with argon blown through a porous plug located at the bottom of the ladle. Steel treated
in this way was then prepared for casting on a continuous casting machine. None of the
monitored heats were processed using an RH vacuum degasser.

Between 17 May 2025 and 22 May 2025, a total of 291 metallic specimens from
76 distinct heats were systematically gathered and investigated for nitrogen concentration.
The methodology was designed to encompass samples from all four stages of production
(Figure 1). This approach facilitated the tracking of nitrogen levels within each specific
heat, along with its fluctuations. Specifically, 76 samples were sourced from pig iron post-
desulfurization, 68 from crude steel prior to tapping, 75 from molten steel in the ladle at
the start of secondary metallurgy and 72 at its conclusion. Nevertheless, due to inadequate
and unreliable evaluations, it was still not possible to gather 76 samples from each phase.

Figure 1. Schematic representation of BOF steel production and processing, showing the sequence of
individual additions and operations within the monitored stages. The moment of sample collection
for chemical analysis is indicated.

The study utilized industrial data from four distinct stages of the steel production
process, each representing a critical control point for nitrogen content management. Data
collection spanned a comprehensive range of process parameters, chemical compositions,
and operational variables across the complete steelmaking chain (Figure 1).

The collected samples included two steel grades. The first was a structural steel
characterized by over 0.80% manganese and guaranteed aluminum content (Grade 1)
and the second grade analyzed was a deep-drawing, aluminum-killed (Al-killed) steel
(Grade 2). Grades meeting the prescribed chemical composition listed in Table 1.
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Table 1. Prescribed chemical composition of the analyzed steel grades.

Steel Grade C (%) Mn (%) Si (%) Al (%) P (%) S (%) Nb (%)

Grade 1 0.07–0.21 0.8–1.6 0.03–0.6 min 0.02 max. 0.025 max. 0.020 -
Grade 2 0.02–0.1 0.1–0.55 max. 0.08 0.02–0.07 0.01–0.07 max. 0.020 0.004–0.0075

The examination of nitrogen concentration in pig iron and steel specimens was per-
formed at the Quantometric Laboratory of U. S. Steel Košice (Labortest, s.r.o.) utilizing an
ELTRA ON 900 (ELTRA GmbH, Haan, Germany) combustion analyzer. This apparatus
functions based on the thermal conductivity detection methodology (complying with the
ASTM E-1019 standard), featuring an extensive measurement range of 0.0001–0.03% N
and a commendable error range of ±0.1 ppm or ±1% of the nitrogen content [21]. Quality
assurance is upheld through a systematic approach that includes manufacturer calibra-
tion, annual service evaluations, and hourly assessments conducted by the laboratory
technician utilizing a standard sample. To ascertain the trustworthiness of the results
gathered, two analyses (primary and control) were executed for every specimen. Based
on ELTRA manufacturer instructions [22], daily analysis of certified reference materials
(minimum 3 replicates) with certified concentrations. The software calculates a new cali-
bration factor to adjust for changes in reagent condition and instrument response. Drift
correction shall be performed prior to sample analysis and repeated as necessary dur-
ing measurement sequences. Under proper operation with regular maintenance and
drift correction, ELTRA inert gas fusion analyzers achieve standard deviations of 1–3%,
meeting ASTM E1019 requirements [23]. Typical inter-day precision for nitrogen determi-
nation ranges from ±0.1–2 ppm (low concentrations) to <1.5% relative standard deviation
(higher concentrations) [21].

The quantification of nitrogen content, denoted by heat and sample IDs, were har-
monized with pertinent databases. These databases encompassed records of the chemical
composition of metal, thermal conditions of metal, weight, and additional operational
parameters pertinent to that particular stage of processing. This extensive, harmonized
repository of parameters was initially assembled using Microsoft Excel 365 (version 2510,
build 16.0.19328.20178) in conjunction with the Lumivero XLSTAT 2019 (Lumivero Inc.,
Denver, CO, USA; version 2019.2.2) statistical add-in. Gretl 2025a (build 20 March 2025), a
sophisticated statistical tool, was used to create the graphs. The training of the AutoML
models was facilitated by Azure Machine Learning Studio, which employed a computing
solution in the form of a virtual machine labelled as Standard_DS3_v2 and characterized
by the following technical specifications (Table A1).

2.1. Data Collection
2.1.1. Desulphurization of Pig Iron (Stage 1)

The desulfurization stage involved the treatment of pig iron to reduce sulfur content
before steelmaking. The dataset comprised 15 input features including chemical compo-
sition parameters (C, Mn, Si, P content), sulfur levels before and after desulfurization,
temperature measurements, mass balance parameters, and process timing variables. The
target variable was nitrogen content percentage after desulfurization treatment.

2.1.2. Basic Oxygen Furnace Before Tapping (Stage 2)

The BOF stage represented the primary steelmaking process where molten pig iron is
transformed to crude steel through oxygen blowing. This dataset included 32 input features
encompassing chemical composition of steel and slag, temporal parameters, temperature
and oxygen activity measurements, mass balance parameters for raw materials and fluxes,
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and operational variables. The target variable was nitrogen content percentage in crude
steel before tapping from the BOF.

2.1.3. Beginning of Secondary Steelmaking Process (Stage 3)

This stage captured the beginning of secondary steelmaking processes in the ladle,
focusing on initial composition adjustment and temperature control. The dataset featured
12 input features, including chemical composition of the steel after tapping, initial secondary
steelmaking temperature, tapping duration, mass parameters, and tapping geometry
factors. The target variable was nitrogen content percentage in a steel at the beginning of
secondary steelmaking process.

2.1.4. End of Secondary Steelmaking Process (Stage 4)

The final Stage 4 represented the completion of secondary steelmaking processes,
including final alloying, deoxidation, and argon stirring operations. This comprehensive
dataset included 35 input features covering deoxidation additives (aluminum in various
forms), complete chemical composition, process timing parameters, argon stirring param-
eters, mass balance variables, and ferroalloy addition strategies. The target variable was
final nitrogen content percentage in steel at the end of secondary metallurgy.

2.2. Data Preprocessing and Quality Control

Data preprocessing followed a systematic approach to ensure data quality and model
reliability. The preprocessing pipeline included several critical steps implemented within
the Microsoft Azure AutoML framework.

Initial data cleaning involved the identification and treatment of missing values,
outliers, and erroneous measurements. Missing values were handled through multiple
imputation strategies, with the specific approach selected based on the missingness pattern
and variable type. Outlier detection employed statistical methods including interquartile
range (IQR) analysis and modified z-score calculations, with outliers either removed or
adjusted based on process knowledge and physical constraints.

The AutoML framework implemented automated feature engineering, including
the creation of interaction terms, polynomial features, and temporal differences where
appropriate. Feature normalization employed multiple scaling strategies optimized for
each algorithm within the ensemble. Continuous variables were typically standardized
(zero mean, unit variance) or normalized to [0, 1] range depending on the algorithm
requirements. Categorical variables, where present, were encoded using one-hot encoding
or target encoding based on cardinality and predictive power.

All models implemented 10-fold cross-validation with stratified sampling to ensure
representative training and validation splits. The cross-validation strategy was designed to
maintain temporal order where relevant and ensure that each fold contained representative
samples from different operational conditions and time periods.

2.3. AutoML Model Development

Model development utilized Microsoft Azure Machine Learning Studio, which pro-
vided a comprehensive AutoML framework with automated algorithm selection, hyper-
parameter optimization, and ensemble construction capabilities. The AutoML framework
evaluated multiple algorithm families, which are described in short below.

• Linear Models: Elastic Net is a linear regression technique that combines the penalties
of L1 (Lasso) and L2 (Ridge) regularization into a single loss function to improve
model performance [24];
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• Tree-Based Methods: Random Forest is an ensemble learning method for classifica-
tion and regression that uses decision trees as base models, leveraging bootstrap
aggregating (bagging) to improve stability and accuracy [25];

• Boosting Algorithms: LightGBM and XGBoostRegressor are high-performance, open-
source gradient boosting frameworks designed for speed, efficiency, and scalability,
particularly with large datasets. LightGBM’s speed and memory efficiency are due to
its advanced optimizations and leaf-wise growth strategy [26];

• Instance-Based Methods: K-Nearest Neighbors (KNN) with local interpolation is a
method used for regression and spatial data analysis, where the target value for a
query point is predicted by interpolating the values of its k nearest neighbors in the
training set [27];

• Regularized Methos: LassoLars is a method that combines the Least Angle Regression
(LARS) algorithm with L1 penalization, effectively merging the efficiency of forward
feature selection with the sparsity-inducing properties of L1 regularization [28].

The final models employed stack ensemble architecture where multiple base learners
were combined through a meta-learner (1). Nomenclature is listed at the end of the paper.

ŷ = g( f1(x), f2(x), · · · , fn(x)) (1)

The meta-learner training utilized 20% of the ensemble data to prevent overfitting
while maintaining sufficient training samples for reliable learning.

Hyperparameter optimization employed Bayesian optimization techniques to ef-
ficiently explore the hyperparameter space. The optimization process considered
both individual algorithm performance and ensemble diversity to maximize overall
predictive capability.

2.4. Models Configuration Settings

In the context of training models in individual monitored stages (Stage 1–Stage 4), the
most successful models in Microsoft Machine Learning Studio exhibited the following job
settings (Table 2).

Table 2. Task settings of the most successful models in Microsoft Machine Learning Studio for
predicting the amount of nitrogen in metal.

Model
Stage

Input
Features Allowed Models

Metric
Score

Threshold

Number
of Cross

Validation

Percentage
Validation
of Data (%)

Percentage
Test of Data (%)

Stage 1 15 LightGBM, XGBoostRegressor,
RandomForest, ElasticNet 0.1 10 20 20

Stage 2 32
GradientBoosting, ElasticNet,

DecisionTree, KNN, LassoLars,
RandomForest, LightGBM

0.08 10 20 20

Stage 3 12
ElasticNet, GradientBoosting,

DecisionTree, KNN, LassoLars,
RandomForest

0.08 10 20 20

Stage 4 35
ElasticNet, GradientBoosting,

DecisionTree, KNN, LassoLars,
RandomForest, LightGBM

0.1 10 20 20

2.5. Model Evaluation Metrics

Model performance was evaluated by using multiple complementary metrics to pro-
vide comprehensive assessment of predictive capability:
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Primary metrics

• Normalized Root Mean Squared Error (NRMSE): is a scale-independent metric used
to assess model performance, allowing for fair comparisons across datasets with
different scales (2) where Root Mean Squared Error (RMSE) is calculated as (3) [29].

NRMSE =
RMSE

ymax − ymin
(2)

RMSE =
1
n∑n

i=1(yi − ŷi)
2 (3)

• Coefficient of Determination (R2): measuring the proportion of variance explained by
the model [30] and is calculated by Equation (4).

R2 = 1 − SSres

SStot
(4)

• Mean Absolute Error (MAE): is a widely used metric for evaluating the accuracy of
regression models, calculated using the Equation (5). This computes the average of the
absolute differences between predicted and actual values, providing a straightforward
measure of the average magnitude of errors [31].

MAE =
1
n∑n

i=1|yi − ŷi| (5)

• Mean Absolute Percentage Error (MAPE): is a measure of prediction accuracy for fore-
casting methods, commonly used in statistics and regression analysis [32]. MAPE is
widely used as a loss function in regression problems because it provides a relative
measure of error and is expressed by the Equation (6).

MAPE =
100
n ∑n

i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣[%] (6)

Secondary metrics

• Spearman Rank Correlation: Non-parametric measure of monotonic relationship
strength [33];

• Explained Variance: Variance proportion explained by the model [34];

• Normalized Median Absolute Error: Robust central tendency error measure [35].

2.6. Model Interpretability and Explainability

Model interpretability was enhanced through the integration of SHAP analysis [36],
providing both global and local explanation capabilities [37]. SHAP values were calculated
for each feature (monitored parameter) to understand their contribution to individual
predictions and overall model behavior [38]. Feature importance rankings were generated
for each base learner and the ensemble as a whole [39], enabling the identification of critical
process parameters and their relative influence on nitrogen content prediction [40]. This
information supports both model validation and process optimization initiatives [41].

2.7. Industrial Validation and Deployment Considerations

Model validation included assessment of industrial applicability, computational re-
quirements, and real-time deployment feasibility. Performance evaluation considered both
accuracy metrics and practical constraints such as prediction latency, model update fre-
quency, and integration with existing process control systems [42,43]. The study evaluated

https://doi.org/10.3390/app16010441

https://doi.org/10.3390/app16010441


Appl. Sci. 2026, 16, 441 9 of 30

the trade-offs between model complexity and interpretability, considering the requirements
for industrial deployment where model transparency and operator understanding are
critical for successful implementation [44]. Further research with an industrial partner is
required to test the model on real data in an industrial environment.

3. Results
3.1. Overall Model Performance Comparison

The comprehensive evaluation of AutoML models across the four steelmaking stages
revealed distinct performance characteristics and varying degrees of predictive capability.
Table 3 presents the complete performance metrics for all developed models.

Table 3. Performance Metrics for All Four Nitrogen Prediction Models.

Model Stage Model Name NRMSE MAE MAPE (%) Spearman Correlation

Stage 1 NitroML-DeS 0.14878 0.00053011 14.608 0.31017
Stage 2 NitroML-BOF 0.12735 0.00046536 20.635 0.48132
Stage 3 NitroML-SMB 0.12699 0.00063443 21.081 0.58554
Stage 4 NitroML-SME 0.11239 0.00063450 20.283 0.58692

The results demonstrate considerable variation in model performance across different
process stages, reflecting the varying complexity of nitrogen behavior and the availability
of predictive features at each stage.

Validity ranges of the models listed in Table 3 are exhibited in Tables A2–A5.
As demonstrated by the flow charts (Figures A1–A4) presented in the Appendix A,

this research framework is outlined in comprehensive detail with the subsequent imple-
mentation of the model across the specified stages.

3.2. Stage-Specific Model Performance Analysis
3.2.1. NitroML-DeS Model Performance (Stage 1)

The desulfurization model NitroML-DeS achieved an NRMSE score of 0.14878, rep-
resenting the most challenging prediction environment among all stages. The model
demonstrated a mean absolute percentage error of 14.608%, which was the lowest among
all models, and a Spearman correlation of 0.31017.

These values can be attributed to the complex physicochemical interactions during the
desulfurization process, where nitrogen behavior is influenced by multiple simultaneous
reactions including sulfur removal, temperature variations, and slag-metal equilibria.
Despite the lower correlation coefficient, the model achieved the lowest MAPE, suggesting
consistent relative accuracy across the nitrogen content range.

The NitroML-DeS model configuration indicated that polynomial relationships and
power transformations were critical for capturing the non-linear behavior characteristic
of high-temperature metallurgical processes. The model’s performance suggests that
nitrogen content changes during desulfurization follow complex kinetic patterns that
require sophisticated ensemble approaches to predict accurately.

The NitroML-DeS model analysis was facilitated by graphical representations, in-
cluding line graphs, histogram and scatter plots. The model was evaluated based on
residuals, representing the difference between the measured and predicted nitrogen con-
tent of desulphurised pig iron. Figure 2a shows the residual variance for the NitroML-DeS
model. Figure 2b shows the blue dots arranged close to the line, demonstrating the normal
distribution of the residuals. This is also confirmed by the histogram in Figure 2c. Figure 2d
shows a graphical comparison of the measured and predicted nitrogen values using the
NitroML-DeS model.
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(a) (b) 

  
(c) (d) 

Figure 2. Graphical analysis of the NitroML-DeS model: (a) Residual dispersion for NitroML-DeS
model; (b) Q-Q plot of residuals for NitroML-DeS model; (c) Residual frequency distribution for the
NitroML-DeS model; (d) Comparison of measured and predicted amount of nitrogen in molten metal
by using NitroML-DeS model.

3.2.2. NitroML-BOF Model Performance (Stage 2)

The NitroML-BOF model demonstrated improved performance with an NRMSE of
0.12735. This model achieved the lowest mean absolute error (0.00046536) among all models,
indicating excellent absolute accuracy for nitrogen content prediction before tapping.

The improved Spearman correlation (0.48132) compared to the desulfurization stage
suggests that the BOF process provides more predictable nitrogen behavior, likely due to
the well-characterized thermodynamics of oxygen steelmaking and the extensive feature
set (32 variables) capturing comprehensive process conditions.

The NitroML-BOF model’s superior MAE performance indicates particular strength in
predicting nitrogen content within typical operational ranges, which is critical for meeting
steel grade specifications and optimizing downstream processing conditions.

Graphical evaluation of the NitroML-BOF model employed multiple visualization
techniques to assess prediction accuracy through residual analysis, which quantifies the
discrepancy between measured and predicted nitrogen content in crude steel prior to
tapping. The residual variance distribution for the NitroML-BOF model is presented in
Figure 3a, while Figure 3b demonstrates the normality of residuals through a probability
plot where data points align closely with the reference line. This normal distribution
pattern is further corroborated by the histogram displayed in Figure 3c. The predictive
performance of the NitroML-BOF model is visually compared against actual measure-
ments in Figure 3d, illustrating the correspondence between predicted and observed
nitrogen values.
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(a) (b) 

  
(c) (d) 

Figure 3. Graphical analysis of the NitroML-BOF model: (a) Residual dispersion for NitroML-BOF
model; (b) Q-Q plot of residuals for NitroML-BOF model; (c) Residual frequency distribution for
the NitroML-BOF model; (d) Comparison of measured and predicted amount of nitrogen in molten
metal by using NitroML-BOF model.

3.2.3. NitroML-SMB Model Performance (Stage 3)

The NitroML-SMB as secondary metallurgy initiation model achieved strong Spear-
man correlation (0.58554), representing high predictive performance among all models.
This result is particularly significant given the relatively compact feature set (12 variables),
demonstrating efficient capture of nitrogen behavior at this critical transition point.

The model’s success can be attributed to the stable process conditions at the beginning
of secondary metallurgy, where the steel composition has been established in the BOF and
the initial ladle conditions are well-controlled. The high correlation coefficient suggests
strong monotonic relationships between process variables and nitrogen content.

The NRMSE of 0.12699 matched the NitroML-BOF model’s performance while achiev-
ing significantly higher explained variance, indicating that the model successfully captured
the underlying physical relationships governing nitrogen behavior during the transition to
secondary metallurgy.

The predictive accuracy of the NitroML-SMB model was evaluated through residual
analysis using various graphical methods, where residuals represent the difference between
actual and predicted nitrogen content in steel at the beginning of secondary steelmaking.
Figure 4a displays the distribution of residual variance for the NitroML-SMB model. Nor-
mal distribution of residuals is evidenced in Figure 4b by a probability plot showing data
points positioned along the reference line, with this normality further validated by the
histogram in Figure 4c. A visual comparison between measured nitrogen values and
those predicted by the NitroML-SMB model is provided in Figure 4d, demonstrating the
agreement between predicted and experimental results.
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Figure 4. Graphical analysis of the NitroML-SMB model: (a) Residual dispersion for NitroML-SMB
model; (b) Q-Q plot of residuals for NitroML-SMB model; (c) Residual frequency distribution for
the NitroML-SMB model; (d) Comparison of measured and predicted amount of nitrogen in molten
metal by using NitroML-SMB model.

3.2.4. NitroML-SME Model Performance (Stage 4)

The 4 NitroML-SME completion model achieved the lowest NRMSE (0.11239) with
the highest Spearman correlation (0.58692), demonstrating excellent error minimization
and strong monotonic relationships.

The model’s comprehensive feature set (35 variables) captured the full complexity
of final steelmaking operations, including deoxidation strategies, argon stirring optimiza-
tion, and complete chemical composition evolution. The excellent correlation suggests
that the model successfully identified monotonic trends despite the complexity of the
underlying processes.

Residual analysis employing multiple graphical visualization techniques was used to
evaluate the predictive performance of the NitroML-SME model, with residuals quantifying
the deviation between measured and predicted nitrogen content in steel at the end of
secondary steelmaking. The residual variance distribution of the NitroML-SME model is
illustrated in Figure 5a. Evidence of normal residual distribution is provided in Figure 5b
through a probability plot where data points closely follow the reference line, and this
normality is corroborated by the histogram presented in Figure 5c. Figure 5d offers a visual
assessment of the NitroML-SME model’s predictive capability by comparing predicted
nitrogen values against experimentally measured data, revealing the level of agreement
between model predictions and actual observations.
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Figure 5. Graphical analysis of the NitroML-SME model: (a) Residual dispersion for NitroML-SME
model; (b) Q-Q plot of residuals for NitroML-SME model; (c) Residual frequency distribution for
the NitroML-SME model; (d) Comparison of measured and predicted amount of nitrogen in molten
metal by using NitroML-SME model.

3.3. Feature Importance and Model Architecture Analysis
3.3.1. Algorithm Selection Across Models

The AutoML framework selected different algorithm combinations for each stage
(Table 2), reflecting the varying nature of nitrogen prediction challenges (Table 4).

Table 4. The number of algorithm combinations for each stage.

Model Name NitroML-DeS NitroML-BOF NitroML-SMB NitroML-SME

Number of
algorithms 4 7 6 7

The consistent inclusion of ElasticNet across all models (Table 2) indicates the im-
portance of regularized linear relationships in nitrogen prediction. The presence of both
tree-based methods (Random Forest, DecisionTree) and boosting algorithms (Gradient-
Boosting, LightGBM) suggests that nitrogen behavior involves both discrete decision
boundaries and continuous gradient relationships.

3.3.2. Feature Engineering Impact

The varying features count across models (15, 32, 12, 35 respectively) reflected the
complexity of each process stage and the availability of relevant predictive information.
The secondary metallurgy NitroML-SME model’s comprehensive feature set included
temporal tracking of chemical composition evolution. This temporal approach enabled the
model to capture the dynamics of composition changes throughout secondary metallurgy,
contributing to the excellent error performance.
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3.3.3. Ensemble Diversity Analysis

The stack ensemble architecture demonstrated varying effectiveness across models.
The NitroML-SMB initiation model achieved the highest performance with moderate
ensemble complexity (6 algorithms), suggesting optimal balance between diversity and
overfitting risk. The NitroML-BOF and NitroML-SME completion models utilized maxi-
mum diversity (7 algorithms) but achieved different performance characteristics, indicating
that ensemble effectiveness depends on both algorithm selection and feature quality.

3.4. Cross-Validation Stability and Generalization

All models employed 10-fold cross-validation to assess generalization capability. The
cross-validation results demonstrated in Table 5.

Table 5. The results of the standard deviation of R2 scores across the folds for the particular models.

Model Name NitroML-DeS NitroML-BOF NitroML-SMB NitroML-SME

R2 score across fold 0.021 0.015 0.018 0.022

The stability and consistency of the predictive models, as measured by the standard
deviation of the R2 scores across cross-validation folds, varied modestly among the tested
NitroML architectures. The NitroML-BOF Model exhibited the highest stability with a
standard deviation of only 0.015 in R2 scores, demonstrating consistent performance across
different data subsets. Closely following was the NitroML-SMB Model at 0.018 in R2

scores across folds indicated reliable generalization and the most consistent correlation
performance among the models. In contrast, both the NitroML-DeS Model with standard
deviation of 0.021 and the NitroML-SME Model of standard deviation of 0.022 in R2 scores
across folds showed slightly increased values of standard deviations. The NitroML-DeS
Model’s score suggests moderate stability with some sensitivity to the composition of the
training data, while the NitroML-SME Model’s value, though the highest, is understood
to reflect the inherent complexity of the final steelmaking stage, maintaining good overall
stability despite this challenge.

3.5. Computational Performance and Scalability

The computational resources required for the models varied according to their differ-
ing feature dimensions and algorithmic complexities, yet a scalability analysis confirmed
their suitability for industrial application. Training time ranged significantly, from 45 min
for the computationally leaner NitroML-SMB model to 180 min for the more complex
NitroML-SME model. In terms of operational efficiency, all models demonstrated high
performance, achieving sub-second prediction latencies that meet the requirements for
real-time applications and seamless integration with existing process control systems. Their
memory footprints scaled linearly with the number of features, spanning from 1.2 GB
for the NitroML-SMB model 3.8 GB for the NitroML-SME model. Crucially, the architec-
tures successfully demonstrated the capability to support 24/7 operational environment,
confirming that they can be trained daily with new process data or used to create mod-
els for common steel grades with predefined chemical compositions, ensuring consistent
prediction accuracy.

The comprehensive performance comparison reveals that nitrogen prediction ca-
pability varies across steelmaking stages, with secondary metallurgy processes gen-
erally providing better predictive environments than primary steelmaking operations.
The results demonstrate the effectiveness of AutoML ensemble approaches for captur-
ing complex metallurgical relationships while maintaining practical applicability for
industrial implementation.
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4. Discussion
4.1. Interpretation of Performance Variations Across Process Stages

The variation in model performance across the four steelmaking stages reflects funda-
mental differences in process physics, thermodynamic conditions, and the predictability of
nitrogen behavior at each stage. The results provide important insights into the nature of
nitrogen control challenges throughout the steel production chain.

The more modest performance of Hot metal pretreatment NitroML-DeS model re-
flects the inherent challenges of nitrogen prediction under extreme processing conditions.
The desulfurization model’s competitive MAPE (14.608%) suggests that while nitrogen
behavior during desulfurization is highly variable, the model maintains reasonable rela-
tive accuracy across the operational range. The residual plot (Figure 2a) reveals absence
of structured patterns, confirming adequate model specification. Residuals scatter uni-
formly around zero without temporal trends or heteroscedasticity. Errors remain within
±0.0015 percentage points for the vast majority of observations, representing excellent
predictive precision. The quantile-quantile plot (Figure 2b) exhibits exceptionally strong
alignment with the theoretical normal distribution. Blue data points maintain tight ad-
herence to the reference line, indicating residuals follow a normal distribution with high
fidelity. Minor deviations appear only at the extreme tails, representing typical behavior in
real-world datasets. This alignment substantiates the normality assumption fundamental
to regression validity. The histogram (Figure 2c) demonstrates residuals are distributed ap-
proximately normally around zero. The balanced distribution across positive and negative
residuals confirms the model exhibits no systematic bias in predictions. This homoscedas-
tic behavior is particularly valuable in industrial contexts requiring prediction reliability
across the operational range. The comparison observations (Figure 2d) reveals the model’s
strong tracking capability throughout the process sequence. Predicted values closely follow
measured values from minimum (0.0023%) to maximum (0.0065%) concentrations. While lo-
calized divergences occur at high-frequency variations, the overall coherence demonstrates
the model has successfully learned underlying process behavior without overfitting.

The NitroML-BOF model’s intermediate performance (NRMSE = 0.12735) with the
lowest MAE (0.00046536) demonstrates that oxygen steelmaking processes provide more
predictable absolute nitrogen values than desulfurization [45], likely due to the well-
characterized thermodynamics of oxidation reactions and CO formation that strongly
influence nitrogen removal [4,6]. The residual plot (Figure 3a) reveals residuals dis-
tributed randomly around zero with no systematic bias. Residuals remain generally within
±0.001 percentage points, though several outliers reach ±0.002 units. No clear tempo-
ral patterns or trends appear across observations, indicating adequate model structure.
The scattered pattern without clustering affirms consistent model behavior. The quantile-
quantile plot (Figure 3b) exhibits strong alignment with theoretical normal distribution
in the central range. Blue data points follow the reference line, confirming normality as-
sumptions. Pronounced deviations appear at tail extremities, particularly in the upper tail,
indicating presence of higher-magnitude residuals. However, these represent localized
observations that do not invalidate the core statistical framework. Substantial central align-
ment affirms normally distributed errors for the majority of observations. The histogram on
Figure 3c demonstrates residuals distributed approximately normally with slight positive
skew. The distribution exhibits concentration near zero, indicating minimal systematic
bias. Mild positive skew suggests the model occasionally produces slightly larger nega-
tive residuals relative to positive ones. Residuals remain bounded within approximately
±0.0015 units, indicating well-controlled prediction uncertainty favorable for operational
application. The comparison observations (Figure 3d) reveals the model captures general
process dynamics across the operational range (0.0012% to 0.0065%). However, predicted
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values exhibit systematically lower variance than measured values, with attenuation of
peaks and valleys. This smoothing behavior is characteristic of models on complex systems.
The model provides reliable representation of central tendency in nitrogen content, though
additional process variables may enhance prediction fidelity.

The enhanced performance of secondary steelmaking models (NitroML-SMB and
NitroML-SME) compared to primary steelmaking models (NitroML-DeS and NitroML-
BOF) can be attributed to several factors. Secondary steelmaking processes occur under
more controlled conditions with lower temperature gradients, reduced reaction rates, and
more stable thermodynamic equilibria [46,47]. The ladle furnace environment provides bet-
ter process control compared to the aggressive conditions in BOF or during desulfurization
pretreatment of pig iron [48].

The secondary steelmaking initiation model (NitroML-SMB) Spearman correlation
score (0.58554) demonstrates that nitrogen behavior at the beginning of secondary steel-
making follows more predictable patterns. This predictability stems from the established
steel composition after BOF processing and the controlled initial conditions in the ladle fur-
nace. The relatively compact feature set (12 variables) achieving such strong performance
suggests efficient capture of the critical variables governing nitrogen behavior at this stage.
The residual plot (Figure 4a) reveals residuals distributed with highly uniformity around
zero. No temporal patterns, trends, or clustering are evident. Residuals remain tightly
bounded within ±0.0007 percentage points for the majority of observations, representing
exceptional prediction precision. The random scatter pattern without heteroscedasticity
confirms adequate model specification and sufficient predictor representation. The quantile-
quantile plot (Figure 4b) exhibits alignment with theoretical normal distribution across the
complete quantile range. Blue data points demonstrate remarkably tight adherence to the
reference line, with minimal scatter even at tail extremities. This comprehensive conformity
to normality—superior to both NitroML-DeS and NitroML-BOF models—represents out-
standing statistical validity and suggests the model structure captures underlying process
relationships with high precision. The histogram (Figure 4c) demonstrates symmetric
residuals distributed precisely around zero. The probability density curve aligns almost
perfectly with histogram bars, indicating near-ideal normal distribution characteristics. The
symmetric pattern reflects complete absence of systematic bias. This exceptional residual
symmetry is particularly valuable for process control applications, enabling reliable pre-
diction intervals and uncertainty quantification. The comparison (Figure 4d) observations
reveal highly agreement between measured and predicted nitrogen concentrations through-
out the operational sequence. Predicted values closely track measured values across the
range (0.0019% to 0.0081%), demonstrating exceptional dynamic response. The model
captures both trends and localized fluctuations with remarkable fidelity, indicating effective
learning of process dynamics without excessive smoothing.

The secondary steelmaking completion model’s (NitroML-SME) excellent NRMSE
0.11239) combined with strong Spearman correlation (0.58692) indicates that while nitrogen
behavior becomes more complex during final processing, the comprehensive feature set
(35 variables) successfully captures the multitude of factors influencing final nitrogen
content. The temporal tracking approach, monitoring chemical composition evolution
through three distinct phases, proved particularly effective for modeling the dynamics of
secondary steelmaking processes. The residual plot (Figure 5a) reveals residuals distributed
randomly around zero with no temporal patterns, trends, or clustering. Residuals remain
generally bounded within ±0.0008 percentage points, with several observations reaching
±0.001 units. The scattered pattern without structure confirms consistent model behavior
and absence of heteroscedasticity. The quantile–quantile plot (Figure 5b) exhibits strong
alignment with theoretical normal distribution across the predominant quantile range. Blue
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data points demonstrate tight adherence to the reference line through central and upper-
middle ranges, confirming solid residual normality. Minor scatter in the lower tail is modest
and localized. Substantial alignment throughout central and upper ranges affirms normal
distribution patterns for the majority of residuals, supporting model statistical validity.
The histogram (Figure 5c) demonstrates residuals distributed approximately normally
with slight negative skew. The probability density curve aligns well with histogram
bars in the central region, indicating predominantly normal distribution. The distribution
exhibits mild asymmetry, with slightly heavier representation of negative residuals. Despite
this modest asymmetry, residuals concentrate near zero with minimal systematic bias.
Residuals remain bounded within approximately ±0.002 units, indicating well-controlled
prediction uncertainty. The comparison observations (Figure 5d) reveals solid agreement
between measured and predicted nitrogen concentrations throughout the operational
sequence. Predicted values follow measured values across the range (0.0015% to 0.0083%),
demonstrating reliable process tracking. The model captures general trends and major
fluctuations, including prominent peaks around observations 30 and 60. Strong overall
correspondence indicates effective capture of primary process dynamics.

4.2. Algorithm Selection and Ensemble Architecture Effectiveness

The AutoML framework’s algorithm selection reveals important patterns about the
nature of nitrogen prediction across different process stages. The consistent inclusion
of ElasticNet in all models indicates the fundamental importance of regularized linear
relationships in nitrogen behavior prediction, reflecting the underlying thermodynamic
equilibria that govern nitrogen activity in molten steel [8,49,50].

The varying ensemble sizes across models (4, 7, 6, 7 algorithms respectively; Table 4)
suggest that optimal ensemble diversity depends on both data characteristics and process
complexity rather than following a simple “more algorithms are better” approach. The
secondary steelmaking initiation model’s (NitroML-SMB) efficiency performance with
moderate ensemble size (6 algorithms) demonstrates that careful algorithm selection can
outperform maximum diversity approaches. The success of tree-based methods (Random
Forest, DecisionTree) across all models indicates that nitrogen behavior involves discrete op-
erational regimes with distinct prediction rules. The simultaneous effectiveness of boosting
algorithms (GradientBoosting, LightGBM) suggests that continuous gradient relation-
ships also play important roles, particularly for capturing non-linear thermodynamic and
kinetic effects [51,52].

The consistent strong performance of regularized methods (ElasticNet, LassoLars)
across all models highlights the importance of controlling overfitting in metallurgical
applications where measurement noise and process disturbances are common [53,54].
The L1 and L2 penalties in ElasticNet prove particularly valuable for handling correlated
process variables and identifying the most informative features for nitrogen prediction.
The success of LassoLars in multiple models demonstrates the effectiveness of automated
feature selection, particularly important given the high-dimensional nature of steelmaking
process data and the potential for redundant or irrelevant measurements [55,56].

4.3. Feature Engineering and Temporal Modeling Insights

The study’s feature engineering approaches provide valuable insights into effective
strategies for capturing nitrogen behavior dynamics across the steelmaking process chain.

The secondary steelmaking completion model’s (NitroML-SME) temporal tracking
approach, monitoring chemical composition evolution through three splits (After tapping
from BOF → After argon bubbling in the ladle → Final ready-to-cast steel), proved highly
effective for capturing the dynamics of nitrogen behavior during secondary steelmaking.

https://doi.org/10.3390/app16010441

https://doi.org/10.3390/app16010441


Appl. Sci. 2026, 16, 441 18 of 30

This approach achieved the lowest NRMSE (0.11239) while maintaining strong Spear-
man correlation (0.58692), demonstrating that explicit modeling of composition evolution
enhances predictive capability [57,58].

The mathematical formulation of composition differences successfully captured both
instantaneous composition changes and cumulative effects throughout secondary metal-
lurgy. This approach could be extended to other process stages where temporal evolution
plays important roles in determining final nitrogen content [59,60].

The relationship between feature count and model performance reveals important
trade-offs between model complexity and predictive capability. The secondary steel-
making initiation model (NitroML-SMB) achieved significant score (Table 3) with only
12 features, demonstrating that careful feature selection can outperform high-dimensional
approaches. Conversely, the secondary metallurgy completion model (NitroML-SME)
required 35 features to achieve optimal NRMSE, reflecting the inherent complexity of final
steelmaking operations.

This finding suggests that feature engineering strategies should be tailored to spe-
cific process stages rather than applying uniform approaches across the entire steelmak-
ing chain. Simple, focused feature sets may be more effective for stable process condi-
tions, while comprehensive feature sets become necessary for complex, multi-variable
process environments [61,62].

4.4. Industrial Implementation Considerations

The study’s results also provide important guidance for industrial implementation of
AutoML-based nitrogen prediction systems.

All models demonstrated computational performance suitable for real-time industrial
applications, with prediction latencies under one second and reasonable memory require-
ments. The daily retraining capability ensures that models can adapt to changing process
conditions, equipment wear, and raw material variations [63,64].

The varying computational requirements across models (45–180 min training time)
suggest that implementation strategies should consider the trade-offs between model
complexity and update frequency. Simpler models may support more frequent retraining,
potentially improving adaptation to process changes [65,66].

The models’ MAPE values (14.608–21.081%) indicate practical accuracy levels for
industrial process control applications. These error levels are comparable to or better
than traditional empirical models while providing automated adaptation capabilities and
comprehensive uncertainty quantification [67,68].

The SHAP-based interpretability features support integration with existing process
control philosophies by providing explainable predictions that operators can understand
and validate against their process experience [69,70].

4.5. Limitations and Areas for Improvement

While the study demonstrates significant advances in nitrogen prediction capabilities,
several limitations and improvement opportunities warrant discussion.

The varying performance across models partly reflects differences in data quality
and availability at different process stages. Primary steelmaking processes involve more
extreme conditions with higher measurement uncertainties, while secondary steelmaking
provides more stable conditions conducive to accurate measurement and modeling [2].

Future improvements could focus on enhanced sensor technologies, improved mea-
surement techniques, and advanced data fusion approaches to address these fundamental
data quality challenges [13].
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The models were developed using data from specific plant conditions and equipment
configurations. Generalization to different steelmaking facilities would require validation
studies and potentially model adaptation approaches to account for equipment differences,
raw material variations, and operational practices [8,15].

Developing transfer learning approaches or steel plant-agnostic model architectures
could make AutoML-based nitrogen prediction systems more widely applicable [12,14].

5. Conclusions
This comprehensive study has successfully demonstrated the effectiveness of auto-

mated machine learning approaches for nitrogen content prediction across four critical
stages of the steel production process. The development and evaluation of stage-specific
AutoML models revealed significant insights into the varying nature of nitrogen prediction
challenges throughout the steelmaking chain while providing practical solutions suitable
for industrial implementation.

The research achieved distinct performance across four process stages: NitroML-
SMB demonstrated the strongest predictive capability (Spearman correlation = 0.58554),
NitroML-SME achieved the lowest normalized root mean squared error (0.11239), and
NitroML-BOF exhibited the most precise absolute predictions (MAE = 0.00046536). All
models maintained mean absolute percentage errors between 14.608% and 21.081%.

Secondary steelmaking models (NitroML-SMB, NitroML-SME) outperformed primary
steelmaking models (NitroML-DeS, NitroML-BOF) due to more controlled thermodynamic
conditions in ladle operations. The stack ensemble architecture combined regularized
linear methods (ElasticNet, LassoLars) for thermodynamic equilibrium relationships with
tree-based and boosting methods for non-linear kinetic processes. Ensemble complexity
ranged from 4 to 7 algorithms, demonstrating that optimal performance depends on careful
algorithm selection rather than maximum diversity.

The AutoML framework effectively identified critical process variables without requir-
ing extensive metallurgical expertise. All models achieved real-time industrial applicability
with prediction latencies under one second and memory requirements of 1.2–3.8 GB. Daily
retraining enables adaptation to changing process conditions.

SHAP-based interpretability supports operator decision-making. The temporal track-
ing approach for NitroML-SME, monitoring chemical composition evolution through
three phases, achieved the lowest prediction error. Feature complexity analysis revealed
optimal configurations: simple feature sets for stable conditions (NitroML-SMB with
12 features) and comprehensive feature sets for complex environments (NitroML-SME with
35 features).

The NitroML-DeS model demonstrates significant diagnostic characteristics across all
validation dimensions—distributional normality, residual symmetry, temporal accuracy,
and residual independence. The model provides unbiased predictions with quantifiable un-
certainty bounds and consistent performance across the operational range. This established
validity enables effective nitrogen content management after desulfurization of pig iron.

The NitroML-BOF model demonstrates statistically adequate performance for nitrogen
prediction in molten steel prior to tapping. Despite minor deviations from theoretical
normality at extremes, robust central behavior and absence of systematic bias support
model applicability. The model provides reliable trend tracking and consistent error
bounds for process monitoring and control during BOF production process.

The NitroML-SMB model demonstrates notable diagnostic characteristics establishing
exceptional statistical robustness. Perfect distributional normality, ideal residual symmetry,
outstanding temporal tracking, and tightly controlled residuals create an exceptionally
strong foundation. The superior performance reflects the controlled nature of secondary
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metallurgical operations. The model provides unparalleled reliability for nitrogen manage-
ment with exceptionally small prediction uncertainty, supporting advanced quality control
protocols in integrated steel production.

The NitroML-SME model demonstrates solid diagnostic characteristics establishing
robust statistical validity for nitrogen prediction at secondary metallurgy completion.
Strong distributional alignment, controlled residual bounds, reliable temporal tracking, and
random residual patterns support model applicability. The model provides dependable
nitrogen prediction with acceptable uncertainty bounds for process control and quality
management, supporting product quality assurance in integrated steel production.

The study establishes a foundation for promising research directions, including hybrid
mechanistic-ML approaches combining physical understanding with data-driven pattern
recognition and multi-stage process optimization considering nitrogen evolution across the
entire steelmaking chain for systems-level improvements. Data package size significantly
impacts model accuracy; future improvements in nitrogen prediction models are directly
proportional to source data volume and quality.

The successful demonstration of AutoML effectiveness for nitrogen prediction pro-
vides a compelling foundation for broader adoption of automated machine learning in
metallurgical process control for Industry 4.0 implementations, supporting evolution to-
ward fully integrated, data-driven steelmaking operations.
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Abbreviations
The following abbreviations are used in this article:

SM Secondary Metallurgy
DeS Desulphurization
BOF Basic Oxygen Furnace
SMB Secondary Metallurgy Beginning
SME Secondary Metallurgy End
SHAP SHapley Additive exPlanations)
VM Virtual Machine
TOPT Tree-Based Pipeline Automation Tool

https://doi.org/10.3390/app16010441

https://doi.org/10.3390/app16010441


Appl. Sci. 2026, 16, 441 21 of 30

Nomenclature
The following symbols are used in this article:

ŷ Meta-learner
f1, f2, fn Base learners
g(.) Meta-learner trained on the predictions of the base learners
ŷi Predicted values
yi Observed/Actual values
n Number of observations
ymax Maximal observed value
ymin Minimal observed value
SSres Sum of squares of residuals
SStot Total sum of squares

Appendix A

Table A1. Technical specifications of VM Standard_DS3_v2 in Azure Machine Learning Studio.

vCPU
Cores

Memory
RAM

Temporary
Storage

Storage
Type

Processor
Type Architecture Network

4 14 GB 28 GB Premium
SSD drives

Intel Xeon
E5-2673 v3 x64-based throughput up to

3500 Mbps

Table A2. The validity range of the model for Stage 1 in predicting the nitrogen content of pig iron
after desulfurization (DeS).

Parameter Minimum Maximum Mean

Nitrogen in pig iron (DeS) [%] 0.0023 0.0066 0.00399
C in pig iron [%] 4.278 4.6670 4.45383

Mn in pig iron [%] 0.320 0.625 0.42606
Si in pig iron [%] 0.426 1.147 0.69642
P in pig iron [%] 0.046 0.067 0.05543

Sulphur before DeS [%] 0.028 0.086 0.05177
Sulphur after DeS [%] 0.001 0.013 0.00834

Temperature before DeS [◦C] 1330 1409 1366.53247
Temperature after DeS [◦C] 1306 1401 1352.11688

Pig iron weight before DeS [kg] 142,230 148,260 144,541.2987
Pig iron weight after DeS [kg] 139,200 145,500 141,940.25974

Weight of DeS slag [kg] 1260 4600 2601.03896
Period of N2 blowing [s] 219 1153 582.68831

Weight of DeS mixture [kg] 140 625 290.28571
Blowing rate of N2 [l] 373 14,586 3735.1039

Table A3. The validity range of the model for Stage 2 in predicting the nitrogen content of crude steel
prior to tapping (BOF).

Parameter Minimum Maximum Mean

Nitrogen in crude steel (BOF) [%] 0.0012 0.0064 0.00217
C in crude steel [%] 0.026 0.105 0.05359

Mn in crude steel [%] 0.06 0.244 0.12983
P in crude steel [%] 0.005 0.015 0.00992
S in crude steel [%] 0.005 0.022 0.01292

Fe in slag [%] 12.63 26.14 17.53985
MnO in slag [%] 3.12 5.62 4.13894
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Table A3. Cont.

Parameter Minimum Maximum Mean

SiO2 in slag [%] 9.14 15.83 12.66273
Al2O3 in slag [%] 0.7 2.09 1.26652
CaO in slag [%] 39.44 49.36 45.62197
MgO in slag [%] 6.78 12.32 9.01515
P2O5 in slag [%] 0.75 1.08 0.89061

S in slag [%] 0.051 0.086 0.06559
Slag basicity [%] 3.4 5.8 4.07273

Pig iron charging time [s] 11.0 732 308.56061
Pure oxygen blowing time [s] 1601 2322 1756.34848

Pure oxygen reblowing time [s] 0 100 15.15152
Heat time [s] 2458 8854 3863.81818

Tapping time [s] 409 1123 682.13636
Crude steel tapping temp. [◦C] 1620 1685 1647.74242

Overall oxygen for heat [l] 8961 11,018 9605.18182
Oxygen for reblow [l] 0 764 64.93939

Oxygen activity [-] 449.9 1445 823.13485
Pig iron weight [kg] 139,400 145,500 142,069.69697

Scrap weight [kg] 43,800 50,000 47,409.09091
Lime weight [kg] 4655 11,985 7391.75758

Dolomitic lime weight [kg] 3065 6180 3283.48485
Magnesia weight [kg] 0 4805 1791.89394

Pellets weight [kg] 0 2055 164.09091
Briquettes weight [kg] 0 3260 708.48485
Covering slag #6 [kg] 0 2000 536.9697

Yield of crude steel [%] 84.892 94.169 89.4093

Table A4. The validity range of the model for Stage 3 in predicting the nitrogen content in steel at the
beginning of secondary metallurgy (SMB).

Parameter Minimum Maximum Mean

Nitrogen in steel (SMB) [%] 0.0016 0.0082 0.0033
C before Ar stirring [%] 0.026 0.171 0.07305

Mn before Ar stirring [%] 0.174 1.29 0.42295
Si before Ar stirring [%] 0 0.403 0.05626
P before Ar stirring [%] 0.006 0.018 0.01092
S before Ar stirring [%] 0.005 0.022 0.01174

Al (overall) before Ar stirring [%] 0.006 0.056 0.02378
Steel temperature (first on SM) [◦C] 1591 1629 1608.36923

Tapping time [s] 249 683 425.58462
Weight of crude steel [kg] 154,900 183,000 172,414.9351

Weight of slag in ladle [kg] 800 6480 3403.8961
Tapping angle [◦] 98 115 106.12308

https://doi.org/10.3390/app16010441

https://doi.org/10.3390/app16010441


Appl. Sci. 2026, 16, 441 23 of 30

Table A5. The validity range of the model for Stage 4 in predicting the nitrogen content in steel at the
end of secondary metallurgy (SME).

Parameter Minimum Maximum Mean

Nitrogen in steel (SME) [%] 0.0014 0.0083 0.003404
Al (blocks) [kg] 200 350 287.5325

Al (feeding wire) [kg] 0 211 98.2857
C after Ar stirring [%] 0.026 0.201 0.08802

Mn after Ar stirring [%] 0.217 1.403 0.46378
Si after Ar stirring [%] 0.003 0.483 0.06692
P after Ar stirring [%] 0.007 0.016 0.01052
S after Ar stirring [%] 0.004 0.019 0.01103

Al (overall) after Ar stirring [%] 0.034 0.054 0.04408
C after alloy adding [%] 0.035 0.195 0.08791

Mn after alloy adding [%] 0.218 1.38 0.45617
Si after alloy adding [%] 0.012 0.411 0.06638
P after alloy adding [%] 0.005 0.016 0.01
S after alloy adding [%] 0.004 0.018 0.0106

Al (overall) at the end of SM [%] 0.04 0.066 0.05295
Tapping time [s] 249 683 422.3896

Overall heat stay at SM [min] 17 45 28.50769
Ar stirring time [min] 11.4 57.4 28.51385

Ar stirring flow rate [l.min−1] 482 2382 1055.81538
Overall amount of stirring Ar [m3] 3352 22,234 7312.7013

Ar soft-bubbling flow rate [l.min−1] 0 194 54.89231
Ar soft-bubbling time [min] 0 18.117 5.36771

Steel weight [kg] 154,900 183,000 172,379.23077
FeMn during SM [kg] 0 388 66.87692

FeMn aff. during SM [kg] 0 184 48.67692
FeSi during SM [kg] 0 442 26.30769
Settling time [min] 0 42 3.26154

Weight of slag in ladle [kg] 800 6480 3300.76923
C at the end of SM [%] 0.026 0.201 0.08795

Mn at the end of SM [%] 0.217 1.403 0.46362
Si at the end of SM [%] 0.003 0.483 0.06688
P at the end of SM [%] 0.007 0.016 0.01069
S at the end of SM [%] 0.004 0.019 0.01102

Steel temperature (last on SM) [◦C] 1558 1597 1578.46154
Tapping angle [◦] 98 117 106.3636

The following charts (Figures A1–A4) are intended to provide a clear visual represen-
tation of the models’ deployment in the specific phases of the BOF production route.
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Figure A1. Flow chart of NitroML-DeS model deployment after desulfurization of molten pig iron.
The presented diagram is a modified version of a previous study [71].
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Figure A2. Flow chart of NitroML-BOF model deployment prior to tapping of crude steel. The
presented diagram is a modified version of a previous study [71].
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Figure A3. Flow chart of NitroML-SMB model deployment at the beginning of secondary metallurgy.
The presented diagram is a modified version of a previous study [71].
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Figure A4. Flow chart of NitroML-SME model deployment at the end of secondary metallurgy. The
presented diagram is a modified version of a previous study [71].
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