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Abstract 

Top-bottom combined blowing converter steelmaking involves complex thermodynamic and kinetic 

processes.The development and application of predictive models for the converter smelting process 

have long been a focal point in steelmaking research.This paper establishes a kinetic process 

prediction model for converter steelmaking that can provide on-site guidance. Initially,based on 

actual production data and real field conditions from a specific company, machine learning models—

including BP neural networks,random forests, and XGBoost—are coupled to predict the Tapping 

Steel Oxygen (TSO) composition for each heat in the production process.The prediction results serve 

as inputs for the kinetic model.Subsequently,existing kinetic models are analyzed,and an optimized 

theoretical kinetic model for the converter steelmaking process is selected.The accuracy of this kinetic 

model is evaluated using measured Tapping Steel Carbon (TSC) data.Finally,a data cyclic iteration 

algorithm is employed to integrate converter control parameters into the theoretical model of 

decarburization kinetics.By comparing the prediction accuracy of the decarburization kinetic model 

before and after incorporating control parameters,the effectiveness of integrating control parameters 

into the theoretical model is validated.Evaluation results of the decarburization kinetic model’s 

prediction accuracy show that,after incorporating control parameters,the prediction accuracy of TSC 

carbon content within the range [-0.2, +0.2] improved by 6.26%.This study provides a new approach 

for optimizing converter kinetic process prediction models and offers significant guidance for real-

time monitoring and adjustment in production practice. 

Keywords: converter steelmaking; process prediction; kinetic model; decarburization  

prediction 

 

1. Introduction 

During the blowing process of basic oxygen furnace (BOF) steelmaking, it is difficult to obtain 

accurate and continuous dynamic measurements of key process variables such as temperature and 

composition changes [1]. As one of the most critical stages in steel production, the core and most 

challenging aspect of BOF operation lies in the dynamic control of the blowing process. Due to the 

lack of effective in-process monitoring methods, the current operation often involves a certain degree 

of blindness and subjectivity, which may lead to excessive top-blowing oxygen supply, resulting in 

unnecessary consumption of hot metal and other raw materials [2], and consequently increasing 

energy consumption and production costs. By integrating kinetic theoretical models with actual 

process control parameters through correction mechanisms, a comprehensive kinetic model for the 

BOF process can be established. This approach enables a more accurate representation of the internal 
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evolution during steelmaking, forming the theoretical foundation for soft sensing in the smelting 

process [3]. 

To address the prediction challenges in BOF steelmaking, extensive research has been conducted 

by scholars worldwide. Lin Dong et al. [4] developed a mechanistic model based on the analysis of 

combined blowing mechanisms and dynamic mass and heat balances during the blowing process, 

which reflects the variations in steel and slag compositions. Ma Dewen et al. [5] established a BOF 

prediction model based on the reaction kinetics in the jet impact zone, emulsion zone, and slag-metal 

interface, aiming to predict the end-point compositions of steel and slag. Dogan N et al. [6] proposed 

a comprehensive kinetic model for decarburization in oxygen steelmaking based on reaction kinetics. 

Ik Y et al. [7] developed a process simulation model consisting of a reaction submodel and a scrap 

melting/dissolution submodel, successfully explaining the redox behaviors of phosphorus and 

manganese during BOF steelmaking. Although these studies have established relatively mature 

kinetic and mechanistic models, many model parameters either lack theoretical calculation methods 

or are inherently unmeasurable, making it difficult to apply them directly in industrial practice. 

In this study, selected process control parameters influencing the decarburization reaction are 

incorporated into the kinetic model, along with optimizable correction parameters. These correction 

parameters are then optimized using actual production data to enhance model accuracy and facilitate 

direct operational adjustments in practical BOF operations. The research methodology is as follows: 

First, existing kinetic models for the decarburization reaction are reviewed and evaluated for their 

applicability and predictive accuracy in real-world production. A suitable kinetic model capable of 

integrating control parameters for practical guidance is selected. Using actual plant data, the hit rates 

for TSC (Tapping Secondary Carbon) and TSO (Tapping Sample Oxygen) predictions are calculated 

to assess the baseline performance of the original kinetic model. Subsequently, key BOF control 

parameters are integrated into the kinetic model, and the prediction accuracy is compared before and 

after the integration to evaluate the improvement. Finally, three machine learning models—Back 

Propagation (BP) neural network, Random Forest, and XGBoost—are developed to predict the end-

point TSO carbon content. These predicted values are used as inputs to the kinetic model, thereby 

closing the modeling loop and enabling real-time characterization of carbon evolution within the 

furnace. 

2. Prediction of End-Point TSO Carbon Content Using Machine  

Learning Models 

Predicting the end-point carbon content in basic oxygen furnace (BOF) steelmaking is a crucial 

foundation for achieving stable control of molten steel composition [8]. The Back Propagation (BP) 

neural network is a multi-layer feedforward neural network based on the error back-propagation 

algorithm, which exhibits strong nonlinear fitting capability and is therefore suitable for modeling 

complex, mechanism-unclear processes with intricate variable interactions[9]. The Random Forest 

model is an ensemble learning method composed of multiple decision trees; it improves prediction 

stability through voting or averaging strategies and is particularly effective for problems with high-

dimensional features, moderate sample sizes, and requirements for model interpretability[10]. 

XGBoost (Extreme Gradient Boosting) is an optimized algorithm built on the gradient boosting 

framework, which supports regularization to prevent overfitting and enables parallel computation 

for enhanced efficiency[11].In this work, these three data-driven modeling approaches were 

employed to predict the end-point steel composition in BOF operations, yielding predicted values of 

the tapping steel oxygen (TSO) carbon content. Subsequently, the predicted TSO results were used 

as input conditions for a kinetic process prediction model, enabling further optimization and closing 

the loop of the dynamic process simulation. 
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2.1. Preprocessing and Feature Selection 

The raw data used in this study were collected from actual production records of the entire basic 

oxygen furnace (BOF) steelmaking process at a steel plant. Input parameters were subjected to data 

preprocessing to ensure a relatively stable and consistent operational condition. Table 1 presents the 

statistical summary of the data cleaning process. 

Table 1. Statistics of cleaned parameter data. 

Governance rules 
Original data 

volume 
Cleaned data volume Cleaning ratio Remaining data 

Duplicate and null 

value records removed 
20400 3208 15.73% 17192 

Data Outside 

reasonable range 

removed 

17192 5693 27.91% 11499 

The cleaned process parameters were further constrained within defined screening ranges, as 

listed in Table 2. Each heat sample is represented by 11 input features: oxygen supply time, total 

blowing time, oxygen consumption for carbon reduction, hot metal temperature at charging, actual 

hot metal weight, actual scrap weight, lime addition, lightly burned dolomite addition, pellet 

addition, dynamic pellet addition, and hot metal carbon content. The output variable is the end-point 

carbon content of the molten steel at the end of the blow. 

Table 2. Reasonable ranges of input parameters (basis for data cleaning). 

Input parameters Maximum value Minimum value 

Oxygen supply time(s) 1018 834 

Total blowing time(s) 2850 700 

Oxygen consumption for carbon 

pulling(m3) 
11287 9527 

Molten iron temperature at 

charging(℃) 
1380 1247 

Actual molten iron weight(t) 229.10 203.90 

Actual scrap steel weight(t) 29.00 15.80 

Lime(kg) 8492 2837 

Lightly calcined dolomite(kg) 5132 1439 

Pellets(kg) 8592 29 

Dynamic pellets(kg) 3070 13 

Molten iron-C(w[C]) 4.8161 3.9227 

After data curation, a dataset comprising 11,499 heats was constructed. Following the empirical 

rule of splitting the dataset into 80% for training and 20% for testing, the dataset was partitioned into 

a training set containing 9,199 heats and a test set containing 2,300 heats, as summarized in Table 3. 

Table 3. Data distribution after dataset partitioning. 

Total dataset size Training set size Test set size 

11499 9199 2300 
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2.2. Comparison of Prediction Hit Rates Among the Three Machine Learning Models 

The trained BP neural network, random forest, and XGBoost models were applied to the test 

dataset to predict the end-point TSO carbon content. The prediction errors and accuracy evaluation 

results are summarized in Tables 4 and 5. 

Table 4. Descriptive statistics of prediction residuals from three machine learning models. 

Data features 
Maximum 

value 

Minimum 

value 

Mean 

value 

Standard 

deviation 

Coefficient of 

variation 

Prediction error of BP 

neural/% 
0.0946 0.0166 0.0471 0.0128 0.2712 

Prediction error of random 

forest/% 
0.0287 -0.0487 -0.0021 0.0124 6.0194 

Prediction error of 

XGboost/% 
0.0282 -0.0467 -0.0015 0.0125 8.0821 

Table 5. Basic prediction accuracy of the three machine learning models. 

Carbon content error range/% [-0.01,+0.01] [-0.015,+0.015] [-0.02,+0.02] 

Hit rate of BP neural network 

prediction/% 
61.39 89.24 96.43 

Hit rate of random forest 

prediction/% 
61.09 90.35 96.63 

Hit rate of XGboost prediction/% 60.58 90.30 96.88 

From the statistical analysis, it can be observed that the BP neural network performs well within 

small error ranges, indicating good precision under strict tolerance. However, its improvement in hit 

rate for larger error ranges is limited, likely due to its tendency to converge to local optima during 

training. The random forest model demonstrates balanced performance across moderate error ranges 

and exhibits strong resistance to overfitting, making it suitable for modeling complex nonlinear 

relationships. In contrast, the XGBoost model shows superior predictive capability across all error 

levels, particularly excelling under larger tolerance thresholds, highlighting its advantages in both 

overall accuracy and generalization ability. 

2.3. Hybrid Machine Learning Model for Predicting End-Point TSO Carbon Content 

Based on the individual prediction accuracies of the three models, a weighted ensemble 

approach was developed to combine their predictions. Different weights were assigned to each error 

range to reflect model performance, as shown in Table 6. 

Table 6. Weight assignment for four ranges. 

Carbon content error range/% [-0.01,+0.01] [-0.015,+0.015] [-0.02,+0.02] 

Weight assignment/% 40 30 20 

A weighted scoring system was employed to calculate the comprehensive scores for each model: 

the BP neural network achieved a score of 80.07%, random forest 80.61%, and XGBoost 80.56%. These 

scores were then normalized to determine the final relative weights: 33.2% for BP, 33.4% for random 

forest, and 33.4% for XGBoost. 

This weight allocation accounts for the performance differences of the three algorithms across 

various error ranges, ensuring a balanced trade-off between high-precision and moderate-accuracy 

requirements. By assigning similar yet slightly differentiated weights, the ensemble model fully 

leverages the strengths of each individual algorithm while effectively mitigating biases that may arise 

from reliance on a single model. 
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The final carbon prediction is formulated as:PC=33.2%PBP+33.4%Pforest+33.4%Pboost 

Subsequently, the predicted TSO carbon content from the hybrid model was used as an input 

parameter for the kinetic process model. The difference between the predicted and actual measured 

TSO values was calculated to evaluate the hit rate. The resulting hit rate of the coupled model is 

presented in Table 7, and the corresponding histogram is shown in Figure 1. 

Table 7. Basic prediction accuracy of the three machine learning models. 

Carbon content error range/% [-0.01,+0.01] [-0.015,+0.015] [-0.02,+0.02] 

Hit rate of TSO prediction after 

machine learning coupling/% 
61.39 91.30 97.88 

 

Figure 1. Basic prediction accuracy of the three machine learning models. 

Individual models prior to coupling struggle to optimize performance across all error ranges 

simultaneously, which limits their overall predictive capability. In contrast, the hybrid model 

demonstrates improved accuracy and stability compared to any single model. It maintains high 

precision while reducing prediction errors caused by the inherent limitations of individual 

algorithms. The multi-model fusion strategy not only enhances the robustness of the prediction 

system but also provides a solid foundation for achieving more precise control in BOF steelmaking 

processes. 

3. Development of a Kinetic Model for Carbon Oxidation during BOF Blowing 

Numerous researchers have proposed various kinetic models for the basic oxygen furnace (BOF) 

steelmaking process to describe and predict the evolution of carbon content during different stages 

of blowing. Lin Dong [4] focused on analyzing the rate-limiting steps in the decarburization kinetics. 

Guo Hanjie [12] presented the fundamental principles of the three-stage decarburization process in 

textbook literature. Cai Wei [13] investigated the decarburization rate in the late blowing period 

based on Fick’s first law of diffusion. Lin Wenhui [14] classified kinetic models according to 

measurement methods, distinguishing between sub-lance models and off-gas analysis models. Ma 

Dewen [5] developed a multi-zone kinetic model that simultaneously describes the behavior of 

carbon, silicon, manganese, and phosphorus across three distinct reaction zones in the BOF. Table 8 

summarizes several representative kinetic models for carbon evolution. 
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Table 8. Summary of kinetic models for carbon element in converter steelmaking. 

Author/ 

literature 
Carbon element kinetic model 

Model innovation 

points 

Model accuracy or 

application 
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60% of the heats 

showed a coefficient of 

determination(R²)value 
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removal. 

Existing decarburization kinetic models provide a solid theoretical foundation and technical 

support for understanding and optimizing the BOF steelmaking process. However, due to the 

significant challenges in measuring and calculating key parameters at both experimental and 

theoretical levels, it is particularly important to conduct feasibility analyses by integrating actual 

operational control parameters[18]. Ma Dewen[5] applied a three-zone kinetic model to simulate the 

concentration changes of molten metal elements during the blowing process in a 120-ton top-and-

bottom combined blowing converter. The model achieved an average prediction deviation of 

±0.0058% for the end-point carbon content, validated against actual production data for various steel 
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grades.Therefore, the decarburization kinetic model proposed by Ma Dewen[5] is selected in this 

study as the theoretical framework. It serves as the basis for developing a novel approach: by 

incorporating practical control parameters and iteratively adjusting the model coefficients, we aim to 

optimize the kinetic sub-models for each reaction zone, thereby enhancing the model’s accuracy and 

adaptability to real-world operations. 

3.1. Kinetic Model of the Decarburization Reaction in Basic Oxygen Furnace (BOF) Steelmaking 

In current research, the BOF steelmaking process involves reactions occurring across multiple 

interfaces. The overall reaction kinetics are closely related to interfacial area, residence time, 

physicochemical properties of the slag, and droplet generation rate. Based on the distinction between 

the jet impact zone and the emulsion zone, the total decarburization rate can be expressed as [5]: 

t

em
Cmmt

iz
Cmmt

overall
Cmm

dt

CWd

dt

CWd

dt

CWd )()()(
+=  (1) 

where the subscripts iz and em denote the jet impact zone and the emulsion zone, respectively. 

3.2. Kinetic Model of the Jet Impact Zone in BOF Decarburization 

The oxidation rate of carbon in the jet impact zone can be written as [5]:： 

)][%]([%
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iziz

Ciz CC
V

A
k

d
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−−=  (2) 

where:[%C] is the mass percentage of carbon in the molten steel;Aiz is the interfacial reaction area in 

the jet impact zone (unit: m²); mV  is the mass of molten steel (unit: kg);
iz

Ck  is the oxygen mass transfer 

coefficient for carbon in the jet impact zone (unit: m/s). 

Furthermore, the oxygen mass transfer coefficient in the jet impact zone can be expressed as 

follows [5]: 

cm
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r

H

Qg
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D
)16.1(

2k

1

i

C

+

=


 (3) 

where: CD  is the diffusion coefficient of carbon in the metallic droplets (unit: m²/s);ul is the 

circulation renewal velocity of the molten steel under top-blowing conditions (unit: m/s);Q is the 

lance gas flow rate (unit: Nm³/h);g is the acceleration due to gravity (unit: m/s²);Hbath is the bath 

depth (unit: m);rcm is the impact radius (unit: m). 

3.3. Kinetic Model of the Emulsion Zone in BOF Decarburization 

In the emulsion zone, the oxidation rate of a single moving metal droplet can be described by a 

mass transfer-controlled rate equation at the steel side, expressed as follows [5]: 

*[% ]
([% ] [% ] )

d

C d m
em

d

k Ad C
C C

dt m


= − −  (4) 

where:
d

Ck  is the mass transfer coefficient of carbon in the emulsion zone (unit: m/s); dA  is the 

interfacial area of metal droplets in the emulsion (unit: m²); dm is the mass of the metal droplets in the 

emulsion (unit: kg); 

The penetration theory can be applied to model the mass transfer coefficient for decarburization 

of moving metal droplets in the slag-metal emulsion. For spherical droplets rising or falling through 

the slag layer, the contact time between the metal and slag phases can be approximated as the ratio 

of droplet diameter to its velocity. The mass transfer coefficient on the steel side can then be calculated 

as [5]: 

2d C
C

D u
k

d
=  (5) 
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where:
d

Ck is the mass transfer coefficient of carbon in the emulsion zone (unit: m/s); CD  is the diffusion 

coefficient of carbon in the metallic droplet (unit: m²/s);u is the velocity of the droplet (unit: m/s);d is 

the average diameter of the metal droplets (unit: m). 

3.4. Prediction Accuracy of the Decarburization Kinetic Theoretical Model 

To evaluate the predictive capability of the decarburization kinetic theoretical model for carbon 

content throughout the entire BOF steelmaking process, an empirical analysis was conducted using 

actual production data from the enterprise described in Chapter 1. In the kinetic model, the carbon 

concentration at reaction equilibrium, denoted as [%C]eq, represents the theoretical equilibrium 

carbon content [19]. However, since the BOF process operates under non-equilibrium conditions and 

the true equilibrium endpoint is unmeasurable, the measured tapping sample carbon (TSO) content 

is approximated as the final carbon concentration in the kinetic model. 

A random forest-based optimization algorithm was employed to perform global parameter 

optimization within a search space consisting of 12 key physical and operational parameters, 

including the average diameter of metal droplets (dp) and the diffusion coefficient of carbon (DC)[20]. 

The optimal parameter configuration was achieved by minimizing a weighted mean squared error 

(MSE) objective function. 

The 9,199 cleaned samples from the training set (see Table 3) were used for parameter calibration 

and model tuning, while the 2,300 samples in the test set were utilized to assess the model's prediction 

accuracy. 

The decarburization kinetic model involves multiple physical parameters, such as the carbon 

diffusion coefficient (DC) and oxygen lance nozzle radius (r), as listed in Table 9. 

Table 9. Parameters of the prediction model for carbon removal kinetics. 

Parameter name Parameter symbol Unit Value 

Initial carbon mass 

percentage 
CC0 % Actual data for each heat  

Final carbon mass 

percentage 
CC* % 

Prediction results from 

coupled data model 

Number of nozzles n 个 3 

Impact radius rcav m 0.2 

Crater shape angle θ 。 30 

Molten pool depth him m 1 

Gravitational acceleration g m/s2 9.8 

Oxygen lance radius r m 0.1 

Droplet area Ad um2 7500 

Steel liquid density in 

emulsion zone   kg/m3 7000 

Average diameter of metal 

droplets 
dp um 150 

Droplet velocity u m/s 0.5 

Diffusion coefficient of 

carbon in metal droplets 
DC m2/s 3.5×10-9 

Circulation renewal 

velocity in molten pool 

under top blowing 

condition 

u1 m/s 0.1 
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The predicted TSC (tapping sample carbon before tapping) and TSO carbon contents from the 

kinetic theoretical model were compared with the corresponding measured values from actual 

production. The hit rates for TSC and TSO predictions were calculated and are summarized in Tables 

10 and 11, respectively. The corresponding histograms are shown in Figures 2 and 3. 

Table 10. Precision of TSC carbon content hit rate before introducing control parameters. 

Carbon content error range/% [-0.2,+0.2] [-0.4,+0.4] [-0.6,+0.6] 

Hit rate of carbon content based on the 

decarburization kinetics theoretical 

model(TSC)/% 

52.58 88.60 98.89 

Table 11. Precision of TSO carbon content hit rate before introducing control parameters. 

Carbon content error range/% [-0.05,+0.05] [-0.10,+0.10] [-0.15,+0.15] 

Hit rate of carbon content based on the 

decarburization kinetics theoretical 

model(TSO)/% 

37.54 45.15 52.53 

 

Figure 2. Prediction accuracy of the TSC kinetic model for carbon before optimization. 
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Figure 3. Prediction accuracy of the TSO kinetic model for carbon before optimization. 

Analysis of the prediction results reveals that within the error range of [−0.2%, +0.2%], only 

52.58% of the TSC samples meet this accuracy criterion. Similarly, for TSO carbon content within the 

narrower range of [−0.1%, +0.1%], the hit rate is 52.53%, indicating limited performance at high-

precision levels.As observed from the histograms, although a majority of the predicted values are 

clustered near zero error, a significant proportion of data points exhibit relatively large deviations 

from the measured values. This suggests that introducing additional influencing variables (e.g., 

dynamic slag formation, temperature evolution) or refining the calibration of existing parameters 

could help reduce the gap between predicted and actual carbon content, thereby improving the 

overall prediction accuracy of the kinetic model. 

4. Control-Parameter-Integrated Kinetic Model for Decarburization in the BOF 

Process 

Based on practical operational experience, four key control parameters—lance gas flow rate, 

lance height, hot metal charge mass, and flux addition amount—are known to significantly influence 

the mass transfer coefficients in the kinetic reactions of element removal during BOF steelmaking 

[21]. Therefore, to improve the prediction accuracy of the theoretical decarburization kinetic model 

and enhance its applicability to real-world production conditions, this study integrates these 

operational control parameters into the existing two-zone decarburization model. This integration 

enables the model to better reflect actual process dynamics, effectively avoid abnormal operating 

conditions and product quality issues, and significantly improve production efficiency [22]。 

4.1. Revised Kinetic Model for the Jet Impact Zone 

Fitting analysis of actual plant data reveals that the hot metal charge mass (M0) directly affects 

the physicochemical characteristics of the molten bath—such as temperature distribution and fluid 

flow behavior—thereby altering the thickness of the mass transfer boundary layer and the diffusion 

pathways of elements [23]. As M0 increases, the thermal capacity of the bath rises, leading to changes 

in jet penetration depth and energy distribution during blowing. To account for this effect, the mass 

transfer coefficient is dynamically corrected using M0.To enhance model robustness [24] and improve 

its adaptability to variations in raw material inputs, the hot metal mass M0 is introduced as a scaling 

factor to quantify the impact of different hot metal batches on mass transfer efficiency.In addition, 

during actual operation, lance height (h) is frequently adjusted in response to bath level changes and 
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different blowing stages, significantly influencing the decarburization kinetics. Therefore, 

incorporating the lance height parameter into the kinetic theoretical model is essential. Operators can 

use real-time lance height measurements to dynamically update model parameters, enabling 

adaptive simulation across varying operational conditions[25]. 

By introducing correction factors for calibration, the revised mass transfer coefficient in the jet 

impact zone is expressed as: 

0 C
1

i

C

( 1.16 )

k 2e

a IZ

z bh C bath

cm

Q g M k
u

D H

r

  
+ 

=   (6) 

where:DC: diffusion coefficient of carbon in metal droplets (unit: m²/s);ul: circulation renewal 

velocity of molten steel under top-blowing (unit: m/s);Q: lance gas flow rate (unit: Nm³/h);g: 

gravitational acceleration (unit: m/s²);Hbath: bath depth (unit: m);rcm: impact crater radius (unit: 

m);M0: hot metal charge mass (unit: kg);a: empirical exponent for hot metal mass correction; C

IZk

:calibration coefficient for the jet impact zone;h: lance height above the bath (unit: m);b: empirical 

constant for lance height adjustment. 

4.2. Revised Kinetic Model for the Emulsion Zone 

Based on slag-metal reaction thermodynamics and mass transfer principles [26], the lime 

addition mass (MLime) is introduced as a dynamic correction factor. Lime (CaO), as the primary flux, 

directly determines the slag basicity (R=CaO/SiO2) [27], which in turn influences key interfacial 

properties: 

Interfacial tension: Lower interfacial tension enhances wettability and increases the effective 

slag-metal contact area; 

Slag viscosity: Reduced viscosity facilitates mass transfer and element diffusion across phases. 

By incorporating MLime into the model, the dynamic impact of flux addition on the mass 

transfer process can be quantified, thereby addressing the discrepancy between the traditional 

assumption of constant basicity and the actual operational fluctuations observed in industrial practice 

[28]. 

Combining analysis of industrial trial data, a revised mass transfer coefficient model considering 

the synergistic effect of stirring energy is established: 

2
a

d C Lime
C

D uM
k

d
=  (7) 

where:
d

Ck : mass transfer coefficient of carbon in the emulsion zone (unit: m/s);DC: diffusion 

coefficient of carbon in the steel phase (unit: m²/s);u: velocity of metal droplets (unit: m/s);d: average 

diameter of metal droplets (unit: m);MLime: mass of lime flux added (unit: ton);a: empirical exponent 

for lime addition, used as a calibration parameter. 

4.3. Model Parameter Calibration and Accuracy Evaluation 

The predicted end-point TSO from a machine learning-coupled model, along with other kinetic 

parameters, are used as inputs to the process prediction model. Through continuous comparison with 

actual BOF operational data, the kinetic model parameters are iteratively optimized and the 

prediction accuracy is evaluated. 

The iterative algorithm is the core of the process simulation, enabling self-adjustment during 

computation to progressively reduce prediction error. In this study, the forest_minimize function[29] 

is employed, which uses a random forest-based surrogate model to locate the minimum of the 

objective function (e.g., weighted mean squared error)[30]. 

The 9,199 cleaned samples from the training set (see Table 3) are used for parameter optimization 

of the control-parameter-integrated kinetic model, while the 2,300 samples in the test set are used to 

assess the final model accuracy. 
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Through iterative searching, the optimal parameter set that minimizes the prediction error is 

identified. Combined with the physical parameters listed in Table 9, Table 12 (presented below) 

summarizes the calibrated control-parameter-integrated kinetic parameters for each reaction zone, 

obtained through cyclic fitting of the decarburization kinetic model. 

Table 12. Control parameters of the decarburization kinetics model fusion. 

Parameter name Parameter symbol  Unit Value  

Exponent of molten iron charge mass a Dimensionless 0.75 

Coefficient of lance height b Dimensionless 0.0005 

Correction coefficient of carbon in jet 

impact zone  
Dimensionless 1.9×10-6 

The optimized correction parameters obtained from the parameter tuning process are 

incorporated into the control-parameter-integrated decarburization kinetic model. Equations (8) and 

(9) below represent the kinetic models for the jet impact zone and emulsion zone during the BOF 

steelmaking process, respectively. 
0.72 6

0
9

i 0.0005

C

9.8 1.9 10
(0.049 1.16 )

3.5 10 1.49k 2e
3.14 0.55

z h

Q M −

−

   
+ 


= 

 (8) 
9 0.753.5 10 570

2
3.14 0.5

d Lime
C

M
k

−  
=


 (9) 

where:M0: hot metal charge mass (unit: t);Q: lance gas flow rate (unit: Nm³/min);h: lance height above 

the bath (unit: m);MLime: mass of flux added (unit: kg). 

To evaluate the predictive capability of the control-parameter-integrated kinetic model, the 

dual-point hit rate at the mid-blowing stage (TSC, Tapping Sample Carbon before tapping) and at 

the end-point (TSO, final carbon content) is adopted as the core performance metric. The model’s 

prediction accuracy is systematically analyzed across different error tolerance bands.Taking a real 

production heat as an example, the following control parameter values are set:Hot metal charge mass: 

220 t,Lance height range: 1.5–1.8 m,Lance flow rate: 282 Nm³/min,Flux addition: 6,500 kg.A 

comparison of the predicted carbon content (mass%) with and without integrated control parameters 

is presented in Figure 4, with a close-up view of the mid- and end-point regions shown in Figure 5. 

 

Figure 4. Unit-time predicted carbon content before and after control parameter integration. 
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Figure 5. Localized amplification: pre-and post-control parameter carbon content predictions. 

At the TSC (mid-blowing carbon measurement) stage, the prediction error of the decarburization 

kinetic model with integrated control parameters is reduced by 0.07 wt% compared to the model 

without parameter integration. At the TSO (end-point carbon measurement) stage, the prediction 

error is reduced by 0.02 wt%. In the complex and dynamic industrial environment, appropriate 

parameter adjustment helps overcome the limitations of traditional models and provides more 

reliable predictions. 

To evaluate the performance of the optimized model, the predicted TSO and TSC carbon 

contents from the validation set are compared with actual production data, and the hit rates are 

calculated based on the absolute deviations. By inputting the actual process parameters for each heat, 

the hit rates for TSO and TSC before and after optimization are obtained. The comparative results are 

presented in Figure 6 and Figure 7, respectively. 

 

Figure 6. Comparison of prediction for carbon kinetics model(TSC)before and after optimization. 
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Figure 7. Comparison of prediction for carbon kinetics model(TSO)before and after optimization. 

The model achieves a 6.26% improvement in TSC hit rate within the error band of [−0.2, +0.2] 

wt%, and significant improvements in TSO hit rate:21.30% increase within [−0.05, +0.05] wt%,19.51% 

increase within [−0.15, +0.15] wt%.These results demonstrate the model’s enhanced capability in 

controlling and predicting end-point carbon content. This improvement is attributed to the 

synergistic optimization of mass transfer coefficients in both the jet impact zone and emulsion zone 

by the parameter tuning algorithm, particularly through the accurate calibration of the hot metal 

charge mass exponent and diffusion coefficient. 

5. Conclusions 

(1) This study presents a novel approach for integrating controllable operational parameters into 

the theoretical model for decarburization kinetics prediction. For the first time, adjustable parameters 

such as hot metal charge mass and flux addition amount are deeply coupled with the kinetic model, 

overcoming the limitations of traditional models that rely on fixed or averaged input parameters. 

(2)The end-point carbon content (TSO) is predicted by an ensemble of three machine learning 

models and used as input to the decarburization kinetic model, replacing conventional equilibrium-

based assumptions. This strategy captures heat-to-heat variations and better reflects actual 

production conditions, enabling a closed-loop optimization of the BOF decarburization kinetic 

model. 

(3)Based on a full year of actual production data from an industrial plant, the proposed model 

achieves a 6.26% improvement in hit rate for mid-blow carbon (TSC) within the error band of [−0.2, 

+0.2] wt%, and a 21.30% increase in end-point carbon (TSO) hit rate within [−0.05, +0.05] wt%. These 

results validate the effectiveness of integrating control parameters in enhancing the accuracy of 

theoretical decarburization kinetic models. 
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