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Abstract 

Nitrogen control in basic oxygen furnace (BOF) steelmaking is critical, as dissolved nitro-
gen concentrations exceeding 30–40 ppm detrimentally affect the mechanical properties 
and formability of low-carbon steel products; however, no prior study has applied a phys-
ics-informed machine learning model to nitrogen prediction at this process stage. A Ni-
troPINN model was developed incorporating a multiplicative prediction structure that 
embeds Sievert’s law equilibrium, Wagner interaction coefficients, and Byrne–Belton sur-
face blockage theory directly into the model. The model was trained and evaluated on 66 
matched industrial heats from a top-blown 170-ton BOF converter, characterized by 16 
physics-informed features, and benchmarked against ridge regression and a pure multi-
layer perceptron (MLP) under five-fold cross-validation. The NitroPINN achieved the 
lowest mean absolute error (MAE = 5.60 ppm) and mean absolute percentage error (MAPE 
= 27.2%) among the three models, whilst the learned equilibrium attainment factor η av-
eraged 0.456 ± 0.028, consistent with sub-equilibrium nitrogen conditions imposed by in-
tense CO flushing during oxygen blowing. All three models exhibited comparable overall 
accuracy, confirming that dataset size constitutes the principal performance bottleneck. 
The primary advantage of the NitroPINN lies in its physical interpretability, constraining 
predictions to metallurgically plausible ranges and providing a transparent decomposi-
tion into thermodynamic and kinetic contributions. 

Keywords: physics-informed machine learning; nitrogen content prediction; BOF 
steelmaking; Sievert’s law; Wagner interaction coefficients; multiplicative architecture; 
NitroPINN 
 

1. Introduction 
Nitrogen control in steel production represents one of the most critical metallurgical 

challenges, as even trace quantities of dissolved nitrogen profoundly influence the me-
chanical properties, formability, and service performance of finished steel products [1]. In 
low-carbon steels destined for automotive deep-drawing applications, nitrogen contents 
exceeding 30–40 ppm are known to impair deep drawability by promoting strain aging, 
whereby interstitial nitrogen atoms pin mobile dislocations and thereby increase the yield 
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strength whilst reducing ductility [2]. The precipitation of aluminum nitride (AlN) parti-
cles during recrystallization annealing governs the crystallographic texture development 
that determines the Lankford r-value, and excessive nitrogen levels shift the texture from 
the desirable {111} grain towards less favorable orientations [3]. In structural steels, nitro-
gen-induced age hardening compromises impact toughness, particularly at sub-ambient 
temperatures, and promotes brittle fracture through the formation of iron nitride (Fe4N) 
precipitates along grain boundaries. Bazaleeva [4] comprehensively reviewed the mecha-
nisms through which nitrogen influences both austenitic and ferritic steel grades, demon-
strating that the dual role of nitrogen—beneficial at controlled levels in high-nitrogen aus-
tenitic steels yet deleterious in conventional low-alloy grades—necessitates precise pre-
diction and control throughout the steelmaking process chain. In typical BOF steelmaking 
operations, the nitrogen content of crude steel before tapping ranges between 20 and 60 
ppm, depending on the raw material composition, blowing practice, and tapping condi-
tions [5]. The imperative to predict and control this narrow concentration range with high 
accuracy has driven substantial research interest in both mechanistic and data-driven 
modeling approaches. 

The thermodynamics of nitrogen dissolution in liquid iron and steel are described by 
Sievert’s law, which relates the equilibrium nitrogen solubility to the partial pressure of 
molecular nitrogen above the melt [6]. The dissolution reaction, (1), is characterized by a 
standard Gibbs energy change (2) where T is the absolute temperature in Kelvin [7]. The 
equilibrium constant for the reaction (1) is expressed in the form given by Equation (3) [8]. 
The equilibrium constant is conventionally expressed in logarithmic form as Equation (4), 
derived by Shamsuddin [7] for steelmaking temperatures in the range of 1823–1973 K. 

1/2 N2(g) = [N] (1)

ΔG° = −3590 − 23.89 T [J.mol−1] (2)

𝐾ே = 𝑎ே൫𝑝ேమ൯ଵଶ = 𝑓ேሾ%𝑁ሿඥ𝑝ேమ  (3)

log𝐾ே = −375T − 1.154 (4)

The activity coefficient of nitrogen fN accounts for the non-ideal interactions between 
dissolved nitrogen and other solute elements in the steel bath and is calculated using the 
Wagner interaction parameter formalism (5) [9,10]. log𝑓ே = 𝑒ே஼ . ሾ𝐶ሿ+ 𝑒ேெ௡. ሾ𝑀𝑛ሿ+ 𝑒ேௌ௜ . ሾ𝑆𝑖ሿ+ 𝑒ே௉. ሾ𝑃ሿ+ 𝑒ேௌ . ሾ𝑆ሿ+ 𝑒ேை . ሾ𝑂ሿ (5)

The interaction coefficients, determined experimentally by [10] and confirmed by 
[11,12], indicate that carbon (𝑒ே஼  = 0.13), silicon (𝑒ேௌ௜ = 0.047), phosphorus (𝑒ே௉ = 0.045) and 
sulfur (𝑒ேௌ  = 0.007) increase the nitrogen activity coefficient and thereby decrease the equi-
librium solubility, whereas manganese (𝑒ேெ௡ = −0.02) and oxygen (𝑒ேை = −0.12) decrease fN 
and promote nitrogen absorption [9]. These thermodynamic relationships provide the 
fundamental framework upon which the physics-informed model developed in the pre-
sent study is constructed. 

Whilst thermodynamic equilibrium defines the theoretical upper bound for nitrogen 
solubility, the actual nitrogen content in BOF crude steel is governed primarily by kinetic 
factors that prevent the system from reaching equilibrium [13]. The rate of nitrogen trans-
fer across the gas–metal interface is strongly influenced by the presence of surface-active 
elements, principally dissolved oxygen and sulfur, which adsorb onto the liquid iron sur-
face and block potential reaction sites for nitrogen dissociation [14]. This surface blockage 
effect is quantified through the relationship (6) [15]. 
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ሺ1 − 𝜃ሻ = 11 + 260. ቀ%𝑂 +%𝑆2 ቁ (6)

In a top-blown BOF operating with min. 99.5% purity oxygen, the effective partial 
pressure of nitrogen above the bath is exceedingly low (1.0–5.1 kPa), being limited to trace 
nitrogen impurities in the pure oxygen supply and atmospheric entrainment through the 
BOF vessel mouth [16,17]. The dominant mechanism for nitrogen removal during the ox-
ygen blow is the physical entrainment and stripping of dissolved nitrogen by CO gas bub-
bles generated during vigorous decarburization. The reaction kinetics in steel production 
were investigated, and it was demonstrated that the rate of denitrification is proportional 
to the volumetric rate of CO production, which in turn depends on the carbon content of 
the bath and the rate of oxygen injection [13]. During a typical 17 min oxygen blow in 
which the carbon content decreases from approximately 4.4% in pig iron to 0.03–0.07% in 
crude steel, the intense CO boiling creates a large gas–metal interfacial area that facilitates 
nitrogen desorption and transport to the gas phase [17,18]. 

This kinetic framework underpins the physical motivation for several features em-
ployed in the present NitroPINN model, including the decarburization rate and the 
Byrne–Belton [15] surface blockage parameter. 

Despite the well-established thermodynamic and kinetic foundations described 
above, purely mechanistic models for nitrogen prediction in BOF steelmaking encounter 
significant practical limitations [19–22]. The simultaneous dependence of the final nitro-
gen content on raw material variability (pig iron composition, scrap quality, and nitrogen 
introduced during desulfurization), operational parameters (blowing time, oxygen flow 
rate, lance height), slag composition and its physico-chemical properties, and the complex 
multiphase fluid dynamics within the converter renders first-principles modeling exceed-
ingly difficult to calibrate and validate under industrial conditions [21]. Nam et al. [22] 
developed an integrated mathematical model for nitrogen control in oxygen steelmaking 
that coupled thermodynamic equilibrium with mass transfer kinetics, yet acknowledged 
that the model required continuous recalibration to accommodate plant-specific varia-
tions. Yoon et al. [23] presented a nitrogen prediction model for a 320-ton converter com-
bining thermodynamic and kinetic sub-models, but reported prediction errors exceeding 
15 ppm for certain heat categories. These limitations have driven growing interest in 
mechanism–data hybrid approaches, in which physical sub-models are coupled with 
data-driven components to balance mechanistic rigor with practical adaptability; for ex-
ample, Li et al. [24] demonstrated that such a hybrid architecture substantially reduced 
both the energy consumption prediction error and carbon emission estimation uncertainty 
in converter steelmaking relative to purely empirical models. These limitations have mo-
tivated the application of data-driven machine learning (ML) approaches to nitrogen pre-
diction. Patra et al. [19] employed artificial neural networks for nitrogen prediction during 
argon oxygen decarburization (AOD) of stainless steel, achieving improved accuracy over 
empirical correlations. Liu et al. [20] developed a stacked autoencoder with sparse Bayes-
ian regression for end-point prediction in steelmaking, demonstrating that deep learning 
architectures can capture non-linear relationships inaccessible to linear models. More re-
cently, Liu et al. [25] developed a dynamic flame feature-driven deep learning model for 
real-time end-point prediction in BOF steelmaking, achieving improved accuracy through 
the extraction of temporal process signatures—an approach that further underscores the 
growing application of advanced neural architectures to converter process control. Simi-
larly, Niu et al. [26] applied a multi-target adversarial transfer learning framework based 
on the TabTransformer architecture to BOF end-point composition prediction, demon-
strating that transfer learning can effectively compensate for the limited labeled data char-
acteristic of industrial steelmaking datasets. Zhang and Yang [21] conducted a compre-
hensive review of ML applications in steelmaking process modeling, identifying neural 
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networks, support vector machines, and ensemble methods as the most effective algo-
rithms, whilst noting that data quality and feature engineering remain critical bottlenecks. 
A recent review by Pawlik et al. [27] further surveyed the progress, challenges, and emerg-
ing opportunities of artificial intelligence in steelmaking, identifying physics-informed 
and hybrid modeling strategies as the most promising directions for overcoming the per-
sistent limitations of purely data-driven approaches in industrial deployment. 

Physics-informed neural networks (PINNs), formalized by Raissi et al. [28], represent 
a paradigm shift in scientific machine learning by embedding known physical laws di-
rectly into the neural network training process. Rather than relying solely on data-driven 
loss minimization, PINNs augment the standard data-fitting objective with additional loss 
terms that penalize violations of governing differential equations, conservation laws, or 
constitutive relationships. Karniadakis et al. [29] provided a comprehensive review of 
physics-informed machine learning in Nature Reviews Physics, demonstrating that 
PINNs achieve superior generalization performance in data-scarce regimes precisely be-
cause the embedded physics constrains the solution space to physically plausible regions. 
This characteristic is particularly advantageous in metallurgical applications, where the 
collection of large, high-quality datasets is constrained by the cost of industrial sampling 
campaigns and the inherent variability in production conditions [30–33]. Cuomo et al. [31] 
further reviewed the state of scientific machine learning through PINNs, emphasizing 
their effectiveness in inverse problems and parameter identification tasks where tradi-
tional data-driven models are prone to overfitting. Recent application-oriented studies 
have further extended the PINN framework to address long-time-scale behavior through 
sequential training strategies [34,35], as well as to inverse parameter identification in ge-
otechnical engineering under noisy and limited observational data [36]—contexts that 
share the methodological challenge of constraining a neural network to physically plau-
sible solutions when the available data are insufficient to fully determine the model pa-
rameters from data alone. Cai et al. [30] surveyed PINN applications in fluid mechanics, 
demonstrating the successful integration of Navier–Stokes equations into neural network 
architectures for flow prediction and turbulence modeling—an approach conceptually 
analogous to the embedding of Sievert’s law thermodynamics proposed in the present 
study. The applicability of PINNs to high-temperature metallurgical processes has been 
further demonstrated by Sun et al. [37], who embedded furnace heat transfer physics into 
a neural network architecture for predicting steel temperatures during the reheating pro-
cess, confirming that physically constrained models generalize more reliably than purely 
data-driven alternatives under the sparse measurement conditions typical of industrial 
environments. In a closely related contribution, Xia et al. [38] proposed dmPINNs—an 
integrated data-driven and mechanism-based physics-informed framework for predicting 
end-point carbon content in the BOF converter—demonstrating that the hybrid architec-
ture substantially reduced the prediction error relative to purely data-driven baselines; 
however, nitrogen prediction at this process stage was not addressed, leaving the gap 
identified in the present study unresolved. The preceding literature review reveals a sig-
nificant gap in the application of physics-informed machine learning to nitrogen predic-
tion in BOF steelmaking. 

Previous work by Demeter et al. [39] benchmarked eight conventional ML models 
(including linear regression, polynomial regression, ridge regression, decision tree, ran-
dom forest, FNN, GPR and SVR) for nitrogen content prediction across four BOF 
steelmaking phases, finding that FNNs achieved the best performance for this phase 
(crude steel in BOF before tapping = BOF-stage), with an accuracy of 79.77% (MAPE = 
20.23%). Another study by Demeter et al. [40] applied automated machine learning (Au-
toML) via Microsoft Azure to the same industrial dataset, confirming that ensemble ar-
chitectures combining multiple algorithms improved prediction robustness. The 
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prediction model for nitrogen content in molten crude steel in the BOF-stage achieved an 
accuracy of 79.365% (MAPE = 20.635%). However, none of these prior studies incorpo-
rated thermodynamic or kinetic constraints into the model architecture. 

The present study addresses this gap through three specific contributions: 

1. The development of a physics-constrained neural network (NitroPINN) with a novel 
multiplicative η architecture that embeds Sievert’s law equilibrium, Wagner interac-
tion coefficients, and Byrne–Belton surface blockage theory directly into the predic-
tion mechanism, employing physics infusion through feature engineering, architec-
tural design, and composite loss regularization; 

2. The incorporation of the initial real nitrogen content Ninit from desulfurized pig iron 
(Stage 1) as a predictive feature that establishes the initial boundary condition for 
nitrogen evolution during BOF blowing (Stage 2); 

3. A rigorous benchmarking of the NitroPINN model against ridge regression and a 
pure MLP under five-fold cross-validation on 66 matched industrial heats. 

To the best of the present authors’ knowledge, no prior work has applied a physics-
informed machine learning model to nitrogen prediction in BOF steelmaking. 

2. Materials and Methods 
2.1. Industrial Data 

The industrial data employed in this study were collected at U. S. Steel Košice, s.r.o. 
(Košice, Slovakia) during a dedicated sampling campaign conducted between 17 and 22 
May 2025. The dataset encompasses rude steel measurements prior to tapping from a BOF 
vessel (BOF-stage). The BOF vessel at U. S. Steel Košice is a top-blown converter with a 
maximum charging weight of 170 tons, in which high-purity oxygen (min. 99.5%) is blown 
at supersonic velocity through a water-cooled lance for approximately 17 min. 

Two distinct steel grades were represented within the dataset. The first comprised a 
structural steel characterized by a manganese content exceeding 0.80% and a specified 
minimum aluminum content (Steel #1), whilst the second was an aluminum-killed deep-
drawing steel (Steel #2). The chemical compositions of both grades satisfied the require-
ments defined in Table 1. 

Table 1. Chemical composition specifications for the analyzed steel grades included in the study. 

Chemical  
Composition 

Grade of Steel 
Steel #1 Steel #2 

C (%) 0.07–0.21 0.02–0.1 
Mn (%) 0.8–1.6 0.1–0.55 
Si (%) 0.03–0.6 max. 0.08 
Al (%) min. 0.02 0.02–0.07 
P (%) max. 0.025 0.01–0.07 
S (%) max. 0.020 max. 0.020 

Nb (%) - 0.004–0.0075 

The BOF-stage comprised 66 samples of crude steel collected immediately before tap-
ping from the BOF, each characterized by 16 process parameters. These included the 
chemical composition of the crude steel, the complete BOF slag analysis, slag basicity, 
temporal parameters (pig iron charging time, pure oxygen blowing time, pure oxygen 
reblowing time, total heat time, tapping time), tapping temperature, total oxygen con-
sumption, oxygen for reblow, oxygen activity, mass balance parameters and crude steel 
yield. 
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The nitrogen content in all samples was determined at the Quantometric Laboratory 
of U. S. Steel Košice (Labortest, s.r.o.) using an ELTRA ON 900 combustion analyzer 
(ELTRA GmbH, Haan, Germany), which operates on the thermal conductivity detection 
principle in accordance with the ASTM E-1019 standard [41]. The key technical specifica-
tions, measurement protocol, and quality assurance procedures applied during the ana-
lytical campaign are summarized in Table 2 [42,43]. 

Table 2. Analytical specifications, measurement protocol, and quality assurance parameters for ni-
trogen determination using the ELTRA ON 900 combustion analyzer [42,43]. 

Category Parameter Specification/Value 

Instrument  
specifications 

Instrument model ELTRA ON 900 
Manufacturer ELTRA GmbH, Haan, Germany 

Operating principle Combustion with thermal conductivity detection 
Analytical standard ASTM E-1019 
Measurement range 0.0001–0.03 [wt% N] 

Accuracy 
±0.1 ppm or ±1% of measured value  

(whichever is greater) 
Typical standard deviation 1–3% (under proper operating conditions) 

Measurement  
protocol 

Number of measurements  
per sample Duplicate (primary + control measurement) 

Calibration factor adjustment Automatic recalculation by instrument software 

Drift correction Applied prior to each analytical sequence;  
repeated as necessary 

Quality  
assurance 

Manufacturer calibration Performed at instrument commissioning 
Periodic servicing Annual 

Routine verification 
Hourly, by laboratory technician using  

standard reference sample 
Certified reference material (CRM) 

analysis Daily, minimum 3 replicates per session 

2.2. Physics-Based Feature Engineering 

The present study constructed a set of 16 physics-informed features derived from the 
underlying thermodynamic and kinetic principles governing nitrogen behavior in the 
BOF. The motivation for this approach is two-fold: (a) physics-based features encode do-
main knowledge that assists both interpretability and generalization, and (b) setting the 
dimensionality to 16 features mitigates the risk of overfitting on a small dataset (n = 66). 

2.2.1. Thermodynamic Equilibrium Features 

The initial measured nitrogen content (Ninit) inherited from desulfurized pig iron had 
an observed range of 23–66 ppm across the 66 matched heats. Neq is the Sievert equilibrium 
nitrogen content, computed for each heat from the equilibrium constant KN based on 
Equation (4) [7,10]. The Wagner activity coefficient fN was computed based on Equation 
(5) from first-order interaction coefficients: 𝑒ே஼  = 0.13; 𝑒ேௌ௜ = 0.047; 𝑒ே௉ = 0.045; 𝑒ேௌ  = 0.007; 𝑒ேெ௡ = −0.02; 𝑒ேை = −0.12 [9,10], and the estimated partial pressure of nitrogen pN2 in the 
range of 1.0–5.1 kPa [16,17]. The resulting Neq values ranged from 66 to 107 ppm. 

2.2.2. Kinetic and Interfacial Features 

The Byrne–Belton surface availability parameter (1 − θ) [15] is computed based on 
Equation (6), which quantifies the fraction of the gas–metal interface available for nitrogen 
transfer. The decarburization rate (Crate) is defined by Equation (7), which serves as a proxy 
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for the intensity of CO flushing and hence the volumetric gas evolution rate available for 
nitrogen removal [13]. 𝐶௥௔௧௘ = 𝐶௣௜௚ − 𝐶௦௧௘௘௟𝑡௕௟௢௪60 ሾwt%.minିଵሿ (7)

2.2.3. Desulfurization-Derived Features 

The desulfurization-derived feature comprises the total volume of molecular nitro-
gen blown during the desulfurization treatment of pig iron at Stage 1 (N2_total_DeS [×103 l]). 
During the desulfurization process, molecular nitrogen serves as a carrier gas for the in-
jection of the Mg + CaO reagent mixture into the pig iron ladle; consequently, a portion of 
this nitrogen dissolves into the liquid metal, directly contributing to the initial nitrogen 
content Ninit measured in desulfurized pig iron prior to BOF charging. This parameter 
therefore establishes a quantitative cross-stage link between the upstream desulfurization 
operation and the downstream prediction target: heats subjected to higher volumes of N2 
carrier gas tend to exhibit elevated Ninit values, which in turn constitute the initial bound-
ary condition for nitrogen mass balance during the subsequent oxygen blow (see Section 
4.3). 

2.2.4. Process Intensity Features 

The specific oxygen consumption (O2_specific [l·kg−1 metal]) is calculated based on Equa-
tion (8). Scrap_ratio (9) is the mass fraction of scrap in the total metallic charge. Reblow 
has a binary indicator (0 or 1) identifying heats that required oxygen reblowing to meet 
compositional or temperature targets. The oxygen blowing intensity (O2_intensity [l·min−1]) is 
calculated based on Equation (10). Basicity is the CaO/SiO2 ratio in the converter slag, 
which influences the refining capacity and interfacial oxygen activity [44]. Feslag is the iron 
oxide content in the slag (%), reflecting the degree of over-oxidation. Sipig is the silicon 
content of the charged pig iron (%), which controls the exothermic silicon oxidation reac-
tion and thereby affects the thermal balance and blowing dynamics [5]. 𝑂ଶ_௦௣௘௖௜௙௜௖ = 𝑂ଶ_௧௢௧௔௟𝑊௣௜௚ +𝑊௦௖௥௔௣ ሾl. kgିଵmetalሿ (8)

𝑆𝑐𝑟𝑎𝑝_𝑟𝑎𝑡𝑖𝑜 = 𝑊௦௖௥௔௣𝑊௣௜௚ +𝑊௦௖௥௔௣ ሾ−ሿ (9)

𝑂ଶ_௜௡௧௘௡௦௜௧௬ = 𝑂ଶ_௧௢௧௔௟𝑡௕௟௢௪60 [l.minିଵ] (10)

2.3. NitroPINN Architecture 

The physics-informed neural network architecture developed in this study, desig-
nated NitroPINN, employs a multiplicative structure that directly encodes the relation-
ship between the actual nitrogen content in crude steel and its Sievert equilibrium value 
[28,29]. It is noted that the NitroPINN architecture does not employ ordinary or partial 
differential equation residuals evaluated at collocation points with automatic differentia-
tion, which is the defining characteristic of the original PINN formulation by Raissi et al. 
[28]. Instead, the present model belongs to the category of physics-constrained or physics-
guided neural networks within the broader taxonomy of physics-informed machine learn-
ing established by Karniadakis et al. [29], who explicitly identified three complementary 
modes of physics infusion: (a) physics-based preprocessing and feature engineering, (b) 
innovative network architectures that encode physical structure, and (c) physics-regular-
ized loss functions. The NitroPINN architecture simultaneously employs all three of these 
modes: physics-derived features (Neq, fN, 1 − θ, Crate) are constructed from first principles 
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(Section 2.2); the multiplicative η · Neq structure encodes the sub-equilibrium physics of 
the BOF directly into the prediction equation; and the composite loss function penalizes η 
values outside metallurgically plausible bounds. The term ‘physics-informed’ is therefore 
used in the present manuscript in accordance with this broader definition, and the model’s 
name NitroPINN is retained to reflect this multi-modal physics infusion. The physics pen-
alty loss component constraining η to metallurgically plausible bounds is conceptually 
analogous to the compatibility loss enforced in sequential bc-PINN training schemes 
[34,35], where physical consistency across solution segments is preserved through dedi-
cated loss terms rather than through differential equation residuals. The central prediction 
equation to predicting the nitrogen content in crude steel prior to tapping from the BOF 
vessel takes the form (11). 𝑁௣௥௘ௗ = 𝜂ሺ𝑥ሻ ∙ 𝑁௘௤ + 𝛿ሺ𝑥ሻ (11)

where x denotes the input feature vector (16 features after standardization), η(x) ∈ (0, 1) is 
a learned scalar representing the fraction of Sievert equilibrium achieved in the BOF bath, 
Neq is the heat-specific equilibrium nitrogen content computed from thermodynamics 
(Section 2.2.1), and δ(x) is a small additive correction term. The physical motivation for 
this architecture is straightforward: in a top-blown BOF with intense CO boiling, the ac-
tual nitrogen content is invariably below the Sievert equilibrium value [13,17]. The multi-
plicative factor η directly encodes this sub-equilibrium behavior, constraining the predic-
tion to a physically meaningful range without requiring the network to learn the equilib-
rium relationship from data alone. It is acknowledged that the present model operates as 
a static end-point predictor; temporal integration of the nitrogen mass balance throughout 
the blowing period represents a natural extension, contingent on the availability of con-
tinuous in-blow process data. 

The network backbone consists of three hidden layers with [64 → 32 → 16] neurons 
and hyperbolic tangent (Tanh) activation functions, with dropout regularization (p = 0.15) 
applied after each hidden layer. The Tanh activation was selected over the more com-
monly used ReLU for its smoothness and bounded output range, which promotes stable 
gradient propagation through the physics-constrained loss function. Two output heads 
branch from the shared backbone: (a) the η head, comprising a single linear layer followed 
by a sigmoid activation to constrain η ∈ (0, 1); and (b) the δ head, comprising a single 
linear layer with weights and bias initialized to zero, ensuring that the initial prediction 
defaults to (η · Neq) with no additive correction. The complete NitroPINN architecture is 
schematically illustrated in Figure 1. 

The composite loss function (L) is computed based on Equation (12), where Ldata = 
MSE (Npred, Nfinal) is the standard mean squared error between the predicted and measured 
nitrogen values. For the purposes of loss computation, Nfinal was expressed in weight frac-
tion (converted from ppm by division by 106), consistent with the Sievert’s law formula-
tion in which the nitrogen concentration is expressed in wt%; ppm values are used exclu-
sively for reporting and interpretability throughout the manuscript. The AdamW opti-
mizer with adaptive moment estimation further mitigates gradient scaling issues arising 
from the small absolute magnitude of the target variable. Lphysics is calculated based on 
Equation (13), where n is the number of samples. Lphysics penalizes extreme ηi values outside 
the physically plausible range, reflecting the metallurgical expectation that the equilib-
rium attainment fraction should lie between 5% and 95%. The bounds of 0.05 and 0.95 
were selected as deliberately conservative safety limits, designed to prevent the sigmoid-
constrained η output from collapsing towards the physically impossible extremes of zero 
or unity. In light of the post hoc observed η distribution (mean 0.456 ± 0.028, range 0.388–
0.506), these bounds could be tightened—for example, to [0.10, 0.60]—in future work to 
more strongly constrain the model within the metallurgically plausible zone; the current 
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broad limits were intentionally conservative to avoid imposing prior assumptions before 
the data distribution was known. Ldelta (Equation (14)) is an L2 regularization term that 
keeps the additive correction small, thereby preserving the physical interpretability of the 
multiplicative η · Neq term. 𝐿 = 𝐿ௗ௔௧௔ + ൫𝜆௣௛௬௦ ∙ 𝐿௣௛௬௦௜௖௦൯+ ൫𝜆௥௘௤ ∙ 𝐿ௗ௘௟௧௔൯ (12)

𝐿௣௛௬௦௜௖௦ = 1𝑛෍[𝑅𝑒𝐿𝑈ሺ𝜂௜ − 0.95ሻଶ + 𝑅𝑒𝐿𝑈ሺ0.05− 𝜂௜ሻଶ]௡
௜ୀଵ  (13)

𝐿ௗ௘௟௧௔ = 1𝑛෍𝛿௜ଶ௡
௜ୀଵ  (14)

 

Figure 1. Structure of the NitroPINN model architecture. 

The loss weights were set to λphys = 0.05 and λreg = 0.01 based on preliminary hyperpa-
rameter exploration. 

Training employed the AdamW optimizer with an initial learning rate of 2 × 10−3 and 
weight decay of 10−3. A CosineAnnealingWarmRestarts learning rate scheduler (T0 = 500, 
Tmult = 2, ηmin = 10−6) was employed to facilitate escape from local minima in the non-convex 
loss landscape. Gradient clipping with a maximum norm of 1.0 was applied to prevent 
gradient explosion. Early stopping with a patience of 600 epochs and a maximum of 5000 
epochs was used to prevent overfitting. 

2.4. Baseline Models 

Two baseline models were implemented for comparative benchmarking, both oper-
ating on the identical set of 16 physics-based features described in Section 2.2. 

Ridge Regression: An L2-regularized linear regression model was fitted using scikit-
learn, with the regularization hyperparameter α selected from the candidate set {0.001, 
0.01, 0.1, 1.0, 10.0, 100.0} based on validation performance within each cross-validation 
fold. Ridge regression serves as a robust linear baseline that is resistant to multicollinear-
ity among the physics-based features. 

Pure MLP: A multilayer perceptron with the same backbone architecture as the 
PINN (three hidden layers with [64 → 32 → 16] neurons) was trained using SiLU (Sigmoid 
Linear Unit) activation functions and dropout (p = 0.15). The MLP employed the same 
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training configuration (AdamW optimizer, learning rate schedule, gradient clipping, early 
stopping) as the PINN but without any physics-based loss components and without the 
multiplicative Neq structure—the output was a direct regression from the backbone to a 
single scalar value. This architecture isolates the contribution of the physics-informed 
components by providing a matched non-linear baseline. 

2.5. Evaluation Protocol 

Model performance was evaluated using 5-fold cross-validation (KFold with shuffle 
= True, random_state = 42), ensuring that each of the 66 heats appeared in exactly one 
validation fold. Within each fold, input features were standardized using z-score normal-
ization (scikit-learn StandardScaler) fitted on the training partition and applied to the val-
idation partition, thereby preventing information leakage. All three models (ridge regres-
sion, MLP, and NitroPINN) were evaluated on identical fold splits to ensure a fair com-
parison. Four complementary metrics were computed from the pooled out-of-fold predic-
tions, all expressed in the original ppm scale: root mean squared error (RMSE), mean ab-
solute error (MAE), coefficient of determination (R2), and mean absolute percentage error 
(MAPE). The RMSE emphasizes large prediction errors, MAE provides a scale-interpret-
able average error magnitude, R2 quantifies the proportion of target variance explained 
by the model, and MAPE expresses the prediction accuracy as a percentage of the meas-
ured value. 

2.6. Software 

All models were implemented in Python 3.14 using PyTorch 2.10 for the NitroPINN 
and MLP architectures and scikit-learn 1.8.0 for ridge regression. Data manipulation was 
performed with pandas 3.0.2 and NumPy 2.4.4. Feature standardization used the Stand-
ardScaler 1.8.0 from scikit-learn 0.22, and matplotlib 3.10.8 was employed for data visual-
ization. Z-score normalization (zero mean, unit variance) was applied to all input features. 

3. Results 
3.1. Data Matching and Exploratory Analysis 

The heat-matching procedure successfully linked all 66 BOF heats with their corre-
sponding desulfurized pig iron records, with the maximum weight difference between 
matched pairs being 400 kg. Although all models were calculated for nitrogen content in 
[%] terms, numerical values related to nitrogen are presented in [ppm] for better reada-
bility and in accordance with metallurgical practice, unless otherwise specified. 

The initial nitrogen content (Stage 1) from desulfurized pig iron (Ninit) ranged from 
23 to 66 ppm with a mean of approximately 40 ppm. The target variable (Stage 2), nitrogen 
content in crude steel (Nfinal), ranged from 12 to 64 ppm with a mean of approximately 25 
ppm. The computed Sievert equilibrium nitrogen content (Neq) ranged from 66 to 107 ppm 
across the 66 heats. 

The nitrogen change during BOF blowing, defined as ΔN = Nfinal − Ninit, ranged from 
−40 to +27 ppm. The majority of heats exhibited ΔN < 0, indicating net nitrogen removal 
during oxygen blowing, which is consistent with the expected effect of CO flushing dur-
ing vigorous decarburization [45,46]. The observed equilibrium attainment ratio, defined 
as Nfinal/Neq, averaged 0.265 across all heats, confirming that the BOF bath reaches only 
approximately 27% of the Sievert equilibrium nitrogen content under the real operating 
conditions. This substantial departure from equilibrium is attributed to the combined ef-
fects of low nitrogen partial pressure in the converter atmosphere, surface blockage by 
dissolved oxygen and sulfur, and intense nitrogen stripping by CO bubbles [15]. Explor-
atory analysis of the nitrogen behavior is illustrated in Figure 2a–d. 
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(a) (b) 

  
(c) (d) 

Figure 2. Exploratory analysis of nitrogen behavior across steel production in BOF: (a) Ninit vs. Nfinal 
scatter plot; (b) nitrogen change ΔN = Nfinal − Ninit as a function of decarburization rate, color-coded 
by oxygen activity [ppm]; the dashed red line denotes ΔN = 0; (c) Ninit as a function of total N2 volume 
blown during desulfurization; (d) histogram of the equilibrium attainment ratio Nfinal/Neq, (dashed 
red line denotes mean). 

3.2. Benchmark Results 

The pooled five-fold cross-validation results for the three models are summarized in 
Table 3. The NitroPINN achieved the lowest MAE (5.60 ppm) and MAPE (27.2%) among 
the three models; however, the differences relative to the Pure MLP are marginal and sta-
tistically inconclusive at n = 66—the pure MLP achieves a marginally superior RMSE (7.95 
vs. 7.98 ppm) and R2 (0.330 vs. 0.325), and the absolute MAE advantage of the NitroPINN 
amounts to 0.22 ppm. All three models should therefore be considered broadly compara-
ble in terms of predictive accuracy. The difference of 0.005 in R2 between the MLP and 
NitroPINN lies well within the fold-to-fold variance demonstrated in Table 3 and is not 
statistically meaningful at this sample size; the principal advantage of the NitroPINN lies 
in its physical interpretability and metallurgically constrained prediction structure, con-
sistent with the established rationale for physics-informed learning in data-scarce re-
gimes. Ridge regression exhibited the highest MAE (5.96 ppm) and the lowest R2 (0.216), 
consistent with its inability to capture non-linear relationships in the data. The NitroPINN 
predictions exhibit a tighter clustering around the parity line for heats in the 15–30 ppm 
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range, which constitutes the majority of the dataset, whilst all three models show in-
creased scatter for heats with nitrogen contents exceeding 40 ppm. 

Table 3. Pooled five-fold cross-validation results for nitrogen prediction in crude steel. 

Model RMSE [ppm] MAE [ppm] R2 MAPE [%] 100 − MAPE [%] 

Ridge Regression 8.60 5.96 0.216 27.7 72.3 

Pure MLP 7.95 5.82 0.330 27.3 72.7 

NitroPINN 7.98 5.60 0.325 27.2 72.8 

Figure 3a,b present a graphical comparison of the RMSE, MAE, R2, and MAPE across 
the three models (ridge regression, pure MLP and NitroPINN). 

 
(a) (b) 

Figure 3. Graphical comparison of RMSE, MAE, R2, and MAPE across the three predictive models: 
(a) RMSE and MAE comparison; (b) R2 and MAPE comparison. 

The per-fold results, presented in Table 4, reveal substantial fold-to-fold variability 
across all three models, which is attributable to the small sample size (~13 samples per 
validation fold). Notably, Fold 3 yielded negative R2 values for all models (Ridge: −2.143, 
MLP: −1.942, PINN: −2.984), indicating that this particular fold contained heats with ni-
trogen behavior poorly represented by the training data. The occurrence of negative R2 in 
Fold 3 across all three models—including the linear ridge regression baseline—confirms 
that this instability is a consequence of the small validation partition size and an unfavor-
able fold composition, rather than a model-specific deficiency; this behavior is a well-doc-
umented characteristic of small-sample cross-validation. Increasing the total dataset to 
≥200 heats would substantially reduce fold-to-fold variance and eliminate such artefacts. 
Conversely, Fold 1 produced the highest R2 for the NitroPINN (0.635), demonstrating 
strong predictive capability when the validation heats are well-covered by the training 
distribution. A graphical representation of the per-fold R2 distribution is shown in Figure 
4. 

Table 4. Per-fold R2 values for the three models across five-fold cross-validation. 

Fold Ridge Regression R2 Pure MLP R2 NitroPINN R2 

1 0.479 0.268 0.635 

2 −0.113 0.136 −0.076 

3 −2.143 −1.942 −2.984 
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4 −0.387 −0.137 −0.168 

5 0.334 0.546 0.532 

 

Figure 4. Per-fold R2 distribution across 5-fold cross-validation for three models. 

The parity plots of the measured versus predicted nitrogen content for all three mod-
els are presented in Figure 5a–c. The NitroPINN predictions exhibit a tighter clustering 
around the parity line for heats in the 15–30 ppm range, which constitutes the majority of 
the dataset, whilst all three models show increased scatter for heats with nitrogen contents 
exceeding 40 ppm. 

   
(a) (b) (c) 

Figure 5. Parity plots of measured versus predicted nitrogen content in crude steel [ppm] for the 
three models evaluated under 5-fold cross-validation (n = 66 pooled out-of-fold predictions); the 
dashed line in each panel represents perfect prediction (predicted = measured): (a) ridge regression 
(R2 = 0.2160, RMSE = 8.60 ppm, MAE = 5.96 ppm, MAPE = 27.7%); (b) pure MLP (R2 = 0.3302, RMSE 
= 7.95 ppm, MAE = 5.82 ppm, MAPE = 27.3%); (c) NitroPINN (R2 = 0.3250, RMSE = 7.98 ppm, MAE 
= 5.60 ppm, MAPE = 27.2%). 

3.3. NitroPINN Physics Parameters 

The η parameter learned by the NitroPINN model provides direct physical insight 
into the degree of equilibrium attainment in the BOF. Across all 66 heats and all cross-
validation folds, the mean η value was 0.456 ± 0.028 (standard deviation), with a range of 
[0.388, 0.506]. This remarkably tight distribution indicates that the PINN consistently 
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estimates the BOF bath to achieve approximately 46% of the Sievert equilibrium nitrogen 
content, with relatively little variation across heats despite differences in operating condi-
tions (blowing time, scrap ratio, tapping temperature, and reblow occurrence). The η dis-
tribution is shown in Figure 6. The parameter η represents the fraction of Sievert equilib-
rium achieved in the BOF bath; values η < 1 are physically consistent with the sub-equi-
librium nitrogen content imposed by intensive CO flushing during oxygen blowing. 

The δ correction term remained small across all predictions, with a mean absolute 
value of approximately 2–3 ppm, confirming that the multiplicative η · Neq component 
captures the dominant physics whilst δ provides fine-tuning adjustments for heat-specific 
deviations. The combined prediction η · Neq + δ correctly targets the sub-equilibrium range 
observed in the raw data (mean Nfinal/Neq = 0.265), with the discrepancy between η ≈ 0.46 
and the observed ratio ≈ 0.27 being reconciled by the typically negative δ correction. 

 

Figure 6. Distribution of the equilibrium attenuation factor η learned by the NitroPINN across all 
66 heats and cross-validation folds. The red dashed line indicates the mean η = 0.456, and the blue 
dotted line indicates the observed raw data ratio Nfinal/Neq = 0.265 for reference. 

4. Discussion 
4.1. Comparison with Previous Work 

The present results may be contextualized by comparison with two prior studies con-
ducted by the same research group on overlapping industrial datasets. Demeter et al. [39] 
benchmarked eight conventional ML models for nitrogen prediction at four BOF 
steelmaking stages using an 80/20 train–test split with 32 raw features. For the prediction 
of nitrogen in molten crude steel prior to tapping from the BOF vessel, the best-perform-
ing model was a feedforward neural network (FNN) with a reported accuracy of 79.77% 
(corresponding to a MAPE = 20.23%) and R2 = 0.84, whilst ridge regression achieved 
65.59% accuracy. Demeter et al. [40] subsequently applied AutoML (Microsoft Azure) to 
the same dataset, confirming the superiority of the ensemble architectures (MAPE = 
20.64%). 

The present PINN study differs from these prior works in several important respects. 
Firstly, the feature set has been reduced from 32 raw parameters to 16 physics-informed 
features, which sacrifices some information content in favor of physical interpretability 
and regularization. Secondly, the evaluation protocol employs five-fold cross-validation 
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rather than a single 80/20 split, yielding more conservative and statistically robust esti-
mates of generalization performance. The NitroPINN MAPE of 27.2% is therefore not di-
rectly comparable with the 20.23% reported in [39], as the two studies differ in feature set 
(16 physics-informed vs. 32 raw features), dataset composition, and evaluation protocol 
(five-fold CV vs. single 80/20 split). No claim of cross-study model superiority is made; 
the present benchmarking is strictly confined to the three models evaluated under identi-
cal conditions on the current 66-heat dataset. A rigorous cross-protocol comparison—in 
which the models from would be re-evaluated on the present dataset under the same five-
fold CV scheme—was not conducted in this study, as the structural difference in feature 
sets renders such a comparison inherently confounded. It is further acknowledged that 
the marginal quantitative differences between the NitroPINN and the pure MLP (ΔMAE 
= 0.22 ppm, ΔMAPE = 0.1 percentage points) do not constitute evidence of predictive su-
periority; the primary contribution of the physics-constrained architecture is the interpret-
ability of the learned η parameter and the thermodynamically grounded prediction struc-
ture, rather than incremental accuracy gains over a matched data-driven baseline. The 
identification of physically meaningful parameters from limited industrial data—here, the 
equilibrium attainment factor η—is consistent with the inverse analysis capabilities 
demonstrated for physics-informed architectures in other engineering domains, including 
geotechnical parameter recovery from noisy consolidation observations [36]. 

4.2. Physical Interpretability of the η Parameter 

The mean η ≈ 0.46 learned by the NitroPINN indicates that the BOF bath achieves 
roughly 46% of the thermodynamic equilibrium nitrogen content predicted by Sievert’s 
law. This value carries direct metallurgical significance. During the approximately 17 min 
oxygen blow, the carbon content of the melt decreases from approximately 4.4% (pig iron) 
to 0.03–0.07% (crude steel), generating an enormous volume of CO gas that rises through 
the bath and strips dissolved nitrogen by physical entrainment and mass transfer across 
the bubble surfaces. The vigorous CO boiling creates conditions far from equilibrium with 
respect to nitrogen, as the effective pN2 is exceedingly low and the contact time between 
the gas and liquid phases is limited by the rapid rise in velocity of CO bubbles. 

The observed ratio Nfinal/Neq from the raw data averages 0.265 (27%), which is lower 
than the PINN’s η ≈ 0.46. This apparent discrepancy is physically meaningful and arises 
because the PINN’s δ correction is typically negative (mean δ ≈ −2 to −3 ppm). The com-
bined prediction η · Neq + δ thus correctly targets the observed sub-equilibrium range. The 
separation of the prediction into a multiplicative thermodynamic component (η · Neq) and 
an additive kinetic correction (δ) provides a physically transparent decomposition: the 
former captures the equilibrium-driven upper bound modulated by the degree of CO 
flushing, whilst the latter accommodates heat-specific deviations arising from variations 
in scrap quality, reblow occurrence, or slag chemistry. 

The narrow range of η values (0.388–0.506, standard deviation 0.028) across all heats 
and folds indicates that the degree of equilibrium attainment is remarkably consistent un-
der the standard operating conditions of the 170-ton BOF converter. This consistency re-
flects the standardized blowing practice: the oxygen flow rate, lance height profile, and 
blow duration are controlled within tight operational windows for each steel grade, re-
sulting in similar CO evolution patterns and hence similar nitrogen stripping efficiencies 
across heats. 

4.3. Role of Ninit from Pig Iron Desulfurization 

The incorporation of Ninit from desulfurized pig iron as a predictive feature for BOF 
nitrogen content constitutes a novel contribution of the present study. The physical ra-
tionale is that the nitrogen content of the pig iron charged into the BOF establishes the 
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initial boundary condition for the nitrogen mass balance during oxygen blowing [5,22]. 
The ΔN analysis (Section 3.1) demonstrated that the majority of heats exhibit net nitrogen 
removal during BOF blowing (ΔN < 0), with the extent of removal correlating with the 
initial nitrogen level, the decarburization rate, and the surface blockage parameter. Heats 
with higher Ninit values tend to experience larger absolute nitrogen losses, which is con-
sistent with the thermodynamic driving force for denitrogenating being proportional to 
the saturation (Nfinal – Neq) [47]. 

The link between the desulfurization practice and final nitrogen content is mediated 
by the N2 carrier gas used during the injection of the Mg + CaO desulfurization mixture. 
The total volume of N2 blown during desulfurization directly contributes to nitrogen 
pickup in the pig iron, which then carries over into the BOF as the initial nitrogen content. 
This cross-stage coupling—wherein an upstream process parameter (desulfurization N2 
blow) influences the downstream prediction target (BOF nitrogen)—is precisely the type 
of process chain interaction that purely stage-isolated models cannot capture. 

4.4. Limitations and Future Work 

Although the raw data were carefully processed, it is important to note that these are 
industrial data from the steel production process in an oxygen converter, characterized by 
a high degree of non-linearity. The performance of the Nitro-PINN model is determined 
by the size of the dataset. With approximately 13 samples per validation fold, all three 
models exhibit high fold-to-fold variance, with some folds producing negative R2 values 
(Table 4). This instability is a well-documented consequence of small-sample machine 
learning, where the composition of individual folds can disproportionately influence per-
formance estimates [31]. The PINN architecture partially mitigates this issue by constrain-
ing predictions to physically plausible ranges through the embedded Sievert’s law and 
the bounded η parameter, but the limited data volume remains insufficient for the neural 
network components (η and δ heads) to learn fine-grained patterns across the full operat-
ing space. 

Several additional limitations warrant discussion. The estimated partial pressure of 
nitrogen (pN2_est) is a proxy derived from gas-phase composition estimates rather than di-
rect off-gas measurement. Real-time off-gas analysis, which is available in some modern 
BOF installations but was not implemented during the present sampling campaign, 
would provide a substantially more accurate nitrogen partial pressure and thereby im-
prove the quality of the Neq computation. Similarly, the temperature and carbon content 
during the blow are not measured continuously—only end-of-blow values are available. 
Temporal profiles of temperature and carbon would enable the construction of a true ki-
netic PINN with ordinary differential equation (ODE) integration, modeling the time evo-
lution of nitrogen throughout the blowing period rather than predicting only the end-
point value. 

The dataset of 66 heats was the maximum achievable within the constraints of the 
dedicated sampling campaign conducted between 17 and 22 May 2025. The cost of com-
bustion analysis (ELTRA ON-900, certified reference materials, duplicate measurements 
in accordance with ASTM E-1019) imposed a significant financial burden on the project 
budget, and the requirement to match each BOF heat with its corresponding desulfurized 
pig iron record (Stage 1) further restricted the sample to heats for which both records were 
available and could be reliably linked. Ongoing collaboration with the industrial partner 
U. S. Steel Košice is planned to expand the dataset to a minimum of 200 matched heats, 
which would provide the statistical power required for robust generalization. The cost of 
laboratory analysis of the samples placed a significant burden on the limited project 
budget, which affected the size of the data sample analyzed. However, subsequent collab-
oration with an industrial partner will enable us to analyze a larger dataset. Nevertheless, 
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this article presents a methodology and procedure for evaluating a model based on a 
PINN. Future research plans to cover a wider range of steel grades and scrap ratios. This 
will provide sufficient statistical power for robust five- or 10-fold cross-validation. Imple-
menting k-fold cross-validation stratified by steel grade would further improve the rep-
resentativeness of each fold. Integrating temporal blowing data (for example, off-gas anal-
ysis) would allow us to develop a dynamic PINN with time-dependent η(t) and δ(t) func-
tions. This would capture the evolution of equilibrium attainment throughout the blow, 
rather than modeling it as a single end-point value. 

5. Conclusions 
This study developed and validated a physics-constrained neural network (Nitro-

PINN) with a novel multiplicative η architecture, embedding physical knowledge 
through thermodynamic feature engineering, a multiplicative prediction structure, and a 
physics-penalizing composite loss function for predicting nitrogen content in crude steel 
before tapping from a top-blown basic oxygen furnace. The NitroPINN embeds Sievert’s 
law equilibrium, Wagner interaction coefficients, and Byrne–Belton surface blockage the-
ory directly into its prediction mechanism through the formulation Npred = η(x) · Neq + δ(x), 
achieving competitive prediction accuracy (MAE = 5.60 ppm, MAPE = 27.2%, R2 = 0.325) 
under rigorous five-fold cross-validation on 66 matched industrial heats from steel pro-
ducer. The learned η parameter, averaging 0.456 ± 0.028, quantifies the degree of Sievert 
equilibrium attainment in the BOF bath and is consistent with the expected sub-equilib-
rium conditions arising from intense CO flushing during oxygen blowing. All three 
benchmarked models (ridge regression, MLP, and NitroPINN) exhibited comparable 
overall accuracy, confirming that dataset size rather than model architecture constitutes 
the current bottleneck for prediction improvement. The primary advantage of the Nitro-
PINN physics-informed machine learning approach lies in its physical interpretability, 
which constrains predictions to metallurgically plausible ranges and provides transparent 
decomposition into equilibrium and kinetic contributions. Future work will expand the 
dataset to at least 200 heats and incorporate temporal blowing profiles to enable dynamic 
physics-informed modeling of nitrogen evolution throughout the BOF process. 
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Abbreviations 
The following abbreviations are used in this article: 

G° Gibbs free energy [J.mol−1] 
T Temperature [K] 
KN Equilibrium constant of reaction [−] 
aN Activity of elemental nitrogen dissolved in metal [−] 
fN Activity coefficient of elemental nitrogen dissolved in metal [−] 𝑝ேమ Partial pressure of gas in molecular form in a gaseous atmosphere above molten 

metal [Pa] 
[%N] Equilibrium concentration of elemental nitrogen dissolved in metal [wt%] 𝑒ே௑ 

Interaction coefficients of dissolved nitrogen and other solute element X in the steel 
[−] 

θ Fraction of interfacial sites occupied by surface-active species 
MAE Mean absolute error 
MSE Mean squared error 
MAPE Mean absolute percentage error 
100 − MAPE Accuracy 
R2 Coefficient of determination 
FNN Feedforward neural networks 
GPR Gaussian process regression 
SVR Support vector regression 
MLP Multilayer perceptron 
AutoML Automated machine learning 
ODE Ordinary differential equation 
PINN Physics-informed neural network 
Crate Decarburization rate [wt%·min−1] 
Cpig Carbon content in desulfurized pig iron [%] 
Csteel Carbon content in crude steel prior to tapping [%] 
tblow Overall time of pure oxygen blowing during the heat [s] 
Wscrap Weight of the scrap charged in BOF [kg] 
Wpig Weight of the pig iron charged in BOF [kg] 
Ttap Tapping temperature [°C] 
O2_intensity Oxygen blowing intensity [l·min−1] 
O2_total Overall amount of blown oxygen during heat [l] 
O2_specific Specific oxygen consumption [l·kg−1 metal] 
Feslag Iron oxide content in the slag [%] 
Sipig Silicon content in charged pig iron [%] 
Ninit Real measured nitrogen content in desulfurized pig iron [%] 
Neq Sievert equilibrium nitrogen content [%] 
Npred Predicted nitrogen content in crude steel prior to tapping [%] 
Nfinal Real measured nitrogen content in crude steel prior to tapping from BOF [%] 
η Fraction of Sievert equilibrium achieved [−] 
δ Additive correction [−] 
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