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Abstract

:

The scrap-based electric arc furnace process is expected to capture a significant share of the steel market in the future due to its potential for reducing environmental impacts through steel recycling. However, managing impurities, particularly phosphorus, remains a challenge. This study aims to develop a machine learning model to estimate steel phosphorus content at the end of the process based on input parameters. Data were collected over one year from a steel plant, focusing on parameters such as the chemical composition and weight of the scrap, the volume of oxygen injected, injected lime, and process duration. After preprocessing the data, several machine learning models were evaluated, with the artificial neural network (ANN) emerging as the most effective. The Adam optimizer and non-linear sigmoid activation function were employed. The best ANN model included four hidden layers and 448 neurons. The model was trained for 500 epochs with a batch size of 50. The model achieves a mean square error (MSE) of 0.000016, a root mean square error (RMSE) of 0.0049998, a coefficient of determination (R2) of 99.96%, and a correlation coefficient (r) of 99.98%. Notably, the model was tested on over 200 unseen data points and achieved a 100% hit rate for predicting phosphorus content within ±0.001 wt% (±10 ppm). These results demonstrate that the optimized ANN model offers accurate predictions for the steel final phosphorus content.
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1. Introduction


Steelmaking is currently a major contributor to CO2 emissions, but it is committed to advancing a sustainable metallurgical industry, as reflected in its adoption of scrap-based electric arc furnaces (EAFs). This process involves melting scrap steel by generating an electric arc between electrodes and the liquid steel bath [1]. It effectively recycles steel scrap, reducing CO2 emissions by 90% and energy consumption by 70% compared to the traditional blast furnace–basic oxygen furnace (BF-BOF) route. Additionally, it significantly lowers the consumption of natural resources like iron ore, coal, and limestone [2,3].



Despite the environmental benefits of EAFs, they face complex scientific and technical challenges, particularly in managing impurities such as phosphorus (P) in steel [4,5]. An uncontrolled quantity of P in steel negatively impacts the mechanical properties of steel, leading to increased temper and intergranular embrittlement and cracking [6,7]. To meet quality standards, it is crucial to reduce P levels from typically above 0.025 wt% in scrap to less than 0.015 wt% in the final product. For certain applications, the target phosphorus content may need to be as low as 0.005 wt% [8]. The varied composition of scrap feedstock in comparison to ore-based production further complicates this reduction process, and steelmaking needs to align its operation continuously with the complicated composition of modern steel products [9,10,11].



Numerous studies have investigated P removal from steel, focusing on P equilibrium distribution and phosphate capacity at laboratory or intermediate scales [12,13,14,15,16,17,18,19,20,21,22,23,24,25,26]. Additionally, plant trials in EAFs have examined P behavior during direct reduced iron (DRI) and hot briquetted iron (HBI) processes [27,28,29]. While experimental methods are valuable, they are often time-consuming, costly, and difficult to apply on an industrial scale. Furthermore, P measurements in controlled lab conditions do not easily translate to large-scale environments where fluid flow and kinetic conditions differ significantly. Consequently, modeling and simulation provide viable alternatives to purely experimental methods, primarily divided into phenomenological (mechanistic) models based on physical phenomena, such as computational fluid dynamics (CFD) [30,31], and data-driven statistical models [32].



Mechanistic models have greatly enhanced our understanding of the EAF process, but they come with limitations. For example, CFD models include reliance on equilibrium models for metal–slag–gas interactions, which sacrifice accuracy for speed, and statistical turbulence modeling that may introduce errors in unsteady flow conditions. Additionally, the use of empirical constants for mass transfer coefficients limits generalizability, while inadequate validation of foamy slag models and the oversimplification of local conditions reduce overall accuracy. The assumption of arc plasma as a black body for heat transfer may also be an oversimplification, and the computational demands of comprehensive models make them impractical for online applications [30,32]. Consequently, while phenomenological models show promise, they still face challenges, particularly in capturing the wide range of scales and phenomena in such a complex EAF process.



In light of the limitations of traditional physical models, researchers have increasingly turned to statistical and data-driven approaches for predicting the final P content in steel [33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48]. The machine learning (ML) methods offer a faster, cheaper, and safer alternative to plant trials [32] and adapt well to variations in scrap composition and operating conditions, often outperforming mechanistic models in terms of accuracy [32,46].



While only a few studies have focused on predicting and optimizing the EAF process [34,45,47,49,50,51], particularly regarding endpoint P content [34,44,47], most research has concentrated on the BOF process [33,35,36,37,38,39,41,42,43,45,46,52]. As EAFs gain prominence and scrap recycling becomes crucial, accurate P prediction is vital. Existing ML models show promise, but their effectiveness varies due to data availability and quality, input parameter selection, and model robustness [45,53]. Notably, Yuan et al. [34] developed a least squares support vector machine (LS-SVM) model that achieved an 87% hit rate for predicting P levels with ±0.003 wt% errors in EAF steel. Chen et al. [44] developed a back propagation neural network–decision tree (BPNN-DT) model with six hidden layers, 18 input parameters, and 50 neurons to predict the final P content of steel in EAF. The proposed hybrid model combines k-means clustering, BPNN, and a DT algorithm for prediction. The model achieves a phosphorous prediction accuracy of 83.0% for ±0.004 wt% error range. Zou et al. [47] used a BPNN model with 14 hidden layers, attaining a hit rate of 87.8% for ±0.004 wt% errors and 75.6% for ±0.003 wt% errors in phosphorous prediction. In industrial contexts, 20% of wrong predictions might still result in inefficiency, waste, or poor-quality products, which could affect the overall performance of the system. Increasing the hit rate improves the model’s accuracy, leading to more precise decision-making, reduced mistakes, and enhanced operational efficiency, and builds confidence in using the model for process optimization.



This study aims to develop an ML model to predict the ultimate phosphorus content of steel with higher accuracy, using key input parameters from a scrap-based EAF process. While previous studies have focused on similar predictions, this work is the first to develop a model specifically for EAF processes operating exclusively with scrap, and it is also the first to consider the composition of the scrap. The approach includes preprocessing original production data from a steelmaking plant to remove outliers and performing a correlation analysis between input parameters and the phosphorous content. An ANN model is compared with random forest (RF), SVM with a radial basis function (RBF) kernel, and models from the literature using various evaluation metrics to assess the predictive performance.




2. Analysis of Scrap-Based EAF


2.1. Description of EAF Process


An EAF operates in batch tap-to-tap cycles, consisting of the following steps: initial charging (3 min), primary melting (20 min), additional charging (3 min), secondary melting (14 min), refining (10 min), deslagging and tapping (3 min), and furnace tilting (7 min). Modern operations aim to complete the entire tap-to-tap cycle in under 60 min [54]. A schematic of EAF steelmaking is shown in Figure 1.



Charging the Furnace. The furnace is charged from the top and many companies combine lime and carbon addition in the scrap basket and use additional injections as needed [55]. The number of scrap buckets used is based on furnace volume and scrap density, with modern designs aiming to minimize recharging to reduce downtime and energy loss. Typically, companies aim for two to three scrap buckets per cycle [54].



Melting Scrap. Melting scrap in an EAF primarily relies on electrical energy supplied by graphite electrodes. Initially, an intermediate voltage is used until the electrodes penetrate the scrap, after which a higher voltage stabilizes the arc for efficient heat transfer and forms a liquid metal pool. Chemical energy, provided by oxy-fuel burners and oxygen lances, further aids the melting process through flame radiation, convection, and exothermic reactions. The process continues with repeated charging until all scrap is melted [56].



Refining. Once the bath temperature stabilizes, chemical analysis directs refining operations such as oxygen blowing and alloy additions. Oxygen injection begins before stabilization, initiating some reactions early. Adjustments are made to manage excess elements like phosphorous, carbon, silicon, and chromium by transferring them to the slag phase. However, the EAF’s impurity removal capacity is limited due to the lower basicity and mass of the slag. Initial slagging is crucial for removing phosphorous before reversion occurs. The final bath composition is carefully managed to meet steel specifications, with alloy additions made in the ladle to adjust the composition as needed [42,54,56,57].



Deslagging. The slag collecting the undesired species like phosphorous is removed during the deslagging step by tilting the furnace backward and allowing the slag to exit through a designated door. This removal process reduces the risk of phosphorous reversion when the temperature is increased for further refining, such as during desulfurization or carbon injection, and during slag foaming to reduce iron oxide to metallic iron [54,58].



Tapping. Tapping molten metal from a furnace is a crucial operation, and any failure in this process necessitates a complete shutdown. Operations can only resume once tapping is successfully completed. Key factors to manage during tapping are the rate and duration. It is also important to note that the furnace is never entirely emptied; a small amount of molten metal remains inside when the tapping hole is sealed [59].




2.2. Phosphorous Removal


The phosphorous removal process can be divided into two main stages [60]. Initially, P in iron-based melts is oxidized by FetO, which is primarily generated from the reaction of scrap with injected oxygen, forming P2O5 according to the following reaction, as shown in Equation (1):


  2   P   + 5     F e   t   O   =     P   2     O   5     + 5 t [ F e ]  



(1)




where [ ] and ( ) denote the species in the metal and slag phases, respectively.



Next, the injected flux (CaO) stabilizes the extracted phosphorus (P2O5) in the slag, resulting in the formation of calcium phosphate (3CaO·P2O5) through the following reaction, as shown in Equation (2):


      P   2     O   5     + 3   C a O   = ( 3 C a O     P   2     O   5   )  



(2)







The phosphorus removal reaction can also be represented in its ionic form, as shown in Equation (3) [25]:


   [ P ] +    5   2      [ O ] +    3   2      (   O   2 −     ) = (   P O   4   3 −    )  



(3)




where [P] and [O] represent phosphorus and oxygen, respectively, and O2− and     P O   4   3 −     represent the oxide and phosphate ions, respectively.



Two concepts, phosphorus partition coefficient (    L   p    ) and phosphate capacity (    C     P O   4   3 −      ), have been developed to quantify the phosphorus removal process [25]. The     L   p     parameter can be described as follows:


    L   p   =    ( % P )   [ % P ]     



(4)




where (%P) and [%P] represent the phosphorus concentrations in the slag and steel, respectively. The     L   p     parameter ranges from 5.0 to 15.0. Generally, phosphorus content is only reduced by about 20 to 50% during EAF treatment. However, given the low phosphorus content of scrap compared to hot metal (produced from iron ore treatment in the BF), this degree of removal is considered satisfactory [54].



The     L   p     parameter between the slag and liquid steel is commonly used to evaluate the phosphorus removal capability of the slag due to its ease of measurement in both laboratory studies and commercial production [12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,60,61]. Nevertheless, it is crucial to note that this ratio can only be used as a comparative measure between different slag compositions if the partial oxygen pressure (    P     O   2      ) is equivalent in the compared systems [62].



Wagner proposed the concept of phosphate capacity (    C     P O   4   3 −      ) to describe the slag’s phosphorus removal potential using a slag–gas equilibrium reaction.     C     P O   4   3 −       incorporates the influence of     P     O   2      , making it an essential measure for the comparative evaluation of various slag systems. The slag–gas reaction and     C     P O   4   3 −       are represented by Equations (5) and (6), respectively [62]:


      1   2      P   2   ( g )   +    5   4      O   2   ( g ) +    3   2      O   2 −       ( slag ) =   P O   4   3 −     ( slag )   



(5)






    C     P O   4   3 −     =    ( %   P O   4   3 −   )     P     P   2     1 / 2     P     O   2     5 / 4      =      K   ( 2 )     (   a     O   2 −     )   3 / 2       γ     P O   4   − 3     °       



(6)




where %    P O   4   3 −     is the weight percentage of     P O   4   3 −     dissolved in the slag, and     P     O   2       a n d     P     P   2       are the partial pressures of oxygen and phosphorus, respectively, at the slag–gas interface in equilibrium. In cases where the concentration of     P O   4   3 −     is notably low, it is acceptable to replace the activity with the corresponding concentrations of (%    P O   4   3 −    ) multiplied by a critical constant parameter     γ     P O   4   − 3     °    , representing the activity coefficient at infinite dilution. K(2) is the equilibrium constant for reaction (5).



    C     P O   4   3 −       shows a direct correlation with     L   p     as shown in Equation (7):


    C     P O   4   3 −     =      L   p     k   p       f   p     P     O   2     5 / 4       



(7)




where     k   p     is the equilibrium constant for phosphorus dissolution in iron (     1   2      P   2 ( g )   = [ P ]  ) [62].




2.3. Factors Influencing Phosphorus Removal


Several factors influence the effectiveness of phosphorus removal in the EAF. Key parameters affecting phosphorus elimination include the slag’s basicity, temperature, and FeO content. From a thermodynamic point of view, low temperatures, high FeO content, and increased basicity generally favor the phosphorus removal process [19,20,21,22,63,64].



Basicity. The basicity of slag is usually expressed as the weight ratio of basic oxides (e.g., CaO) to acidic oxides (e.g., SiO2). It is a critical factor in metallurgy, influencing the slag’s ability to absorb impurities like phosphorus, as well as its melting point and viscosity [65,66]. Increasing the basicity of the slag, typically by raising the concentration of basic oxides such as CaO, enhances phosphorus removal efficiency by stabilizing P2O5 as 4CaO·P2O5 at steelmaking temperatures. However, overly high basicity can be counterproductive. Excessive basicity raises the slag’s melting point, preventing complete melting of CaO particles and increasing slag viscosity. This increased viscosity reduces the phosphorus diffusion in the slag, slowing the phosphorus removal reaction at the interface between the molten steel and slag and thus diminishing removal efficiency [25,38,63].



FeO Content. The effectiveness of phosphorus removal in CaO-based slags is also influenced by the presence of iron(II) oxide (FeO), which can act as an acidic or basic oxide depending on the slag composition and oxygen potential. Research has shown that the phosphorus removal capacity, or phosphate capacity, of CaO-SiO2-MgO-FeO slags increases with FeO content. Lee and Fruehan [20] observed an increase in the phosphate capacity with FeO content between 3 and 10 wt% at high temperatures. Hamano and Tsukihashi [19] found a maximum phosphate capacity at about 50 wt% FeO which then decreases when further increasing the FeO content to 60 wt%. Li et al. [21] noted that the phosphate capacity peaks at 25–35 wt% FeO and then decreases, which is attributed to the dilution of CaO, reducing its activity and increasing the activity of P2O5 [63]. Thus, optimizing FeO content is crucial for effective phosphorus removal in CaO-based slags.



Temperature. Temperature impacts phosphorus removal in two contrasting ways. High temperatures can negatively affect the process because phosphorus removal is highly exothermic. Conversely, elevated temperatures promote the melting of lime, which enhances the basicity of the slag. This improved basicity aids in the distribution of phosphorus into the slag phase and increases the Lp, thereby enhancing removal efficiency. On the other hand, temperature favors the kinetics of the phosphorus removal process [38,48].





3. Prediction of Endpoint Phosphorus Content in Steel


3.1. Machine Learning Algorithms


A wide range of ML models have been employed in steel dephosphorization for process prediction and optimization, such as different NNs, SVM, RF, gradient boosting regression (GBR), least squares SVM with principal component regression (LS-SVM-PCR), k-means-NN with decision tree (k-means-BPNN-DT), ridge regression, convolutional neural network (CNN), extreme learning machine (ELM), partial least squares (PLS), support vector regression (SVR), graph convolutional network (GCN), and general regression NN (GRNN), with various datasets ranging from small to large, and incorporating different numbers of input parameters to improve accuracy and efficiency in modeling steel production processes [34,36,37,41,43,44,46,47,48,51,52,63,67].



In this study, three specific regression models are employed: RF, SVM-RBF, and ANN. In general, SVM and RF are simpler than ANN and require less training time, which is why they were tested first. However, due to the need for higher prediction accuracy, we ultimately developed an ANN model, as the accuracy of the former models was insufficient. A detailed presentation of these techniques will be provided in the following section. The libraries used for developing the ANN, RF, and SVM models, along with their respective versions, are provided in the Appendix A.



3.1.1. Random Forest


Random forest was employed in this work for its prediction accuracy and its robustness in preventing overfitting. The model was implemented using the scikit-learn library version 1.5.2 with key hyperparameters, such as the number of trees and the criteria for splitting nodes (e.g., minimum node size). Tuning these hyperparameters can optimize performance; however, the RF model generally performs well with default settings provided in software packages [68].




3.1.2. Support Vector Machine


Support vector machines are renowned for their strong generalization capabilities and high prediction accuracy [69]. Key hyperparameters include the kernel type, gamma (γ), and regularization parameter (C), optimized to balance model complexity and prediction accuracy. The radial basis function (RBF) kernel was utilized in this work, the default choice, which is effective for modeling non-linear relationships [70,71].




3.1.3. Artificial Neural Network


Artificial neural networks are a robust ML framework known for their ability to model complex non-linear relationships, which is the case in metallurgical processes. A basic neural network consists of three main components: an input layer that receives data, an output layer that makes predictions, and one or more hidden layers that process information through interconnected neurons. Each neuron in the hidden layers operates with weights and biases, as described by Equation (8):


  a = f     ∑  i = 1   n      w   i   + b      



(8)




where     w   i      and b represent the weights and bias values, respectively, while     x   i     denotes the inputs and   f  [.] denotes the activation function. Figure 2 illustrates an example ANN architecture and a basic neuron.



During training, the network learns and adjusts the weights to optimize performance. The use of activation functions enables ANNs to learn complex patterns, making them capable of universal approximation—mapping any input to any output regardless of data complexity [72].



Establishment of Artificial Neural Network Models


Figure 3 illustrates the steps in developing an ANN model for this study. The process begins with data collection and preprocessing, including tasks such as data cleaning, correlation analysis, and normalization. The data are then split into training, validation, and test sets. Finally, the model is trained by selecting an appropriate architecture and fine-tuning key hyperparameters, such as the number of layers, neurons per layer, and the activation function.



Three categories of datasets are used: training, validation, and test sets. The training set provides information on the target function to train the network. The validation set is used in conjunction with early stopping techniques to monitor and prevent overfitting by tracking validation errors during training. After training, the test set is employed to evaluate the model’s performance. Typically, 60% of the data are allocated for training, 20% for validation, and 20% for testing the model. The validation set is used strictly for monitoring model performance and tuning hyperparameters during training, while the test set is reserved for the final evaluation to ensure unbiased results.



The number of hidden layers and nodes within these layers is crucial for determining the performance of an ANN model. In this study, three different ANN architectures were tested, each varying in the number of hidden layers and nodes. All architectures employed the sigmoid activation function, a non-linear function by default, as shown in Equation (9). These models were implemented using the TensorFlow library version 2.18.0. The mean squared error (MSE) was used as the loss function for training, as detailed in Equation (10):


  f   y   =    1   1 +   e   − y       



(9)






  L o s s   ( y ,   ŷ ) =    1   N        ∑  j = 1   N      (   y   j   −   ŷ   j   )   2      



(10)




where ŷ represents the predicted value, and y denotes the actual value.



To optimize hyperparameters in an ANN model, three approaches have been proposed: grid search, random search, and manual trial and error [73,74]. In this work, the choice of ANN hyperparameters has been moderately searched to adapt to a low-data regime. In combination with our previous work [50], we tested configurations ranging from two to seven hidden layers and 24 to 464 neurons to identify the settings that yielded the lowest validation loss, measured by MSE. While each optimization technique has its advantages and limitations, trial and error can serve as a viable alternative to more advanced adaptive (sequential) hyperparameter optimization algorithms [74]. This method offers quick feedback and is straightforward to implement, requiring no prior expertise in complex optimization methods.



During training, the Adam optimizer was used to adaptively adjust learning rates for each parameter, enabling faster convergence and improved robustness to variations in the training data. The choice of Adam optimizer is default as it is accepted by the ML community to be the best optimizer for simple ML problems, as in our case, compared to traditional methods like stochastic gradient descent (SGD), which uses a fixed learning rate.






3.2. Data Treatment


The present study focuses on a 40-ton EAF equipped with three graphite electrodes and charged with two scrap bins. Initially, scrap from the first bin is melted in the superheated furnace, followed by the addition of scrap from the second bin. Chemical analysis of the steel is conducted at two critical stages: before deslagging and just before transferring the liquid metal to the ladle furnace (LF) at 1650 °C. The second analysis is crucial because, with the slag removed, phosphorus may revert into the steel, making final phosphorus content a key parameter for process control.



The steelmaking process produces a large volume of data, but these raw data often contain missing values, outliers, and inconsistencies, which can significantly impact model performance if used directly. Thus, preprocessing is essential to refine and prepare the data for ML. The methodology varies based on the quality and nature of the raw data. The following section will provide an overview of the data preprocessing stages used in the present study.



3.2.1. Data Collection


In this study, over 1700 heat datasets were collected from a steel plant over one year. These datasets include a range of variables, such as the chemical composition of scrap and various process parameters. In this EAF, the mass and composition of each scrap type are monitored, and often, no additional carbon is added. The overall composition of each steel was constructed based on the collected data in this work. Table 1 outlines the parameters used to develop the ANN models, including their symbols and the rationale for their selection. Twelve parameters were chosen based on principles of metallurgy, thermodynamics, and current industrial practices [19,20,21,22,63,64,75,76,77,78,79]. These parameters include the weight and composition of the scrap (C, Mn, Cr, Si, and S), the quantities of injected oxygen and lime, energy consumption, deslagging and tapping temperatures, and process duration.




3.2.2. Data Cleaning


In this work, data cleaning was performed after data collection to address issues such as missing or aberrant values. Understanding the distribution of the data, including central tendency, dispersion, and potential outliers, is crucial for making informed decisions. Box plots are used to graphically represent these characteristics in the case of processes where strong variability is observed, and the raw data were analyzed using the box plot concept, as shown in Figure 4. This method, as described by Dovoedo and Chakraborti [80], is employed to identify outliers. This method relies on four key statistics: the first quartile (Q1), the median (Q2), the third quartile (Q3), and the interquartile range (IQR), which is the difference between Q3 and Q1. Outliers are defined as values falling below Q1 − 1.5 IQR or above Q3 + 1.5 IQR. In this study, outliers were removed based on these criteria. Figure 5 illustrates the data distribution in this work. For clarity in visualization, the data are presented on a scale from 0 to 1 in the box plot diagram, as the parameters have different scales and units.



Following preprocessing and outlier elimination, approximately 1005 data points were retained. The number of data points is normal given the cost of preprocessing and collection. Additionally, collected over one year of plant operation, the data accurately reflect real-world conditions, making them representative of the problem at hand. The descriptive statistics for all input and output variables of the prediction models are presented in Table 2.




3.2.3. Correlation Analysis and Normalization


Correlation Analysis


Correlation analysis is used to understand the relationships between independent variables and the target variable, such as the final phosphorus content in steel. This analysis clarifies the strength of associations between features and phosphorus outcomes, which is particularly valuable for ML models with simpler structures, such as RF and SVM. These models benefit from correlation insights to assess feature importance and guide feature selection, improving model interpretability, reducing training time, and enhancing learning accuracy [81]. However, for more complex models like ANNs, Moosavi-Khoonsari et al. [50] found that correlation analysis can be redundant and may even lead to decreased accuracy as ANNs can automatically learn and capture intricate, non-linear relationships. Nevertheless, exploring correlations can still offer valuable insights into feature dynamics and relationships, enhancing our understanding of the data and model behavior.



The Pearson correlation coefficients (r) and p-values were utilized for correlation analysis in this study. The r-value and t-statistic (t), used to compute p-values, are described in Equations (11) and (12), respectively. The r-values for the identified variables are depicted in Figure 6, which illustrates the linear relationships between these variables and the final phosphorus content in steel. The visualization ranks variables by the strength of their correlations, highlighting both positive and negative relationships. Values close to 1 or −1 indicate strong linear relationships, while those near 0 suggest weaker ones. Positive r-values indicate that as one variable increases, the other also increases, while negative r-values reflect an inverse relationship.



Specifically, the analysis reveals that oxygen (O2), sulfur (S), process duration (Durat), manganese (Mn) content of scrap, injected lime (CaO), energy consumption, deslagging temperature, and the carbon (C) and silicon (Si) contents of scrap exhibit a negative correlation with phosphorus content. Among these, the negative correlation is strongest for oxygen and weakest for carbon and silicon contents. Increasing these variables generally leads to a reduction in the phosphorus content of steel. Conversely, chromium (Cr) content of scrap, scrap weight, and tapping temperature show a positive correlation with phosphorus content, with Cr having the strongest and tapping temperature the weakest positive correlation. Increases in these variables generally result in higher final phosphorus content of steel.


  r =      ∑  i = 1   n    (   x   i   −   x  ¯  ) (   y   i   −   y  ¯  )        ∑  i = 1   n      (   x   i   −   x  ¯  )   2         ∑  i = 1   n      (   y   i   −   y  ¯  )   2          



(11)







Let     x  ¯    represent the mean of the variable x;     y  ¯    represent the mean of the variable y; xi denote the ith value of variable x; and yi denote the ith value of variable y.


  t =    r  n − 2     1 −   r   2        



(12)







Here, r represents the correlation coefficient; n denotes the sample size; and n − 2 indicates the degree of freedom.



The p-values were analyzed to evaluate whether the correlations between the final phosphorus content in steel and the input parameters, as listed in Table 3, were statistically significant. A p-value less than 0.01 indicates that the correlation is very significant, suggesting a strong likelihood that the observed relationship is not due to chance. A p-value less than 0.05 signifies that the correlation is significant, though less robust than those with p-values below 0.01. Conversely, a p-value greater than 0.05 implies that the correlation is not statistically significant, indicating that the relationship may be due to random variation [82]. Based on the p-values, the relationships between the input parameters and the final phosphorus content in steel can be categorized into three levels of significance. The most statistically significant correlations, with p-values less than 0.01, include injected oxygen (p = 3 × 10−9), Cr content in scrap (p = 1.39 × 10−7), S content in scrap (p = 5 × 10−4), and the process duration (p = 8.89 × 10−3). These parameters exhibit strong relationships with phosphorus content, indicating highly significant correlations. In the intermediate category, with p-values between 0.01 and 0.05, are scrap weight (p = 2.44 × 10−2), Mn content in scrap (p = 2.22 × 10−2), and injected lime (p = 4.73 × 10−2), suggesting these variables have notable but less pronounced effects. Finally, parameters with p-values greater than 0.05, including energy consumption (p = 9.23 × 10−2), deslagging temperature (p = 9.35 × 10−2), C content in scrap (p = 3.49 × 10−1), Si content in scrap (p = 3.56 × 10−1), and tapping temperature (p = 9.38 × 10−1), show weaker and statistically insignificant correlations with the final phosphorus content of steel.



There is a direct correlation between the injected O2 and the final phosphorus content in steel. The injection of O2 promotes the oxidation of scrap, increasing the FeO content in the slag. As detailed in Section 2.3, the presence of FeO and CaO enhances the phosphorus removal process [19,20,21,22,63,64]. Increasing the amount of added CaO decreases phosphorus content in steel by raising the slag’s basicity. Conversely, an increase in chromium (Cr) leads to an increase in the final P content of the steel. Karbowniczek et al. [75] also demonstrated that increasing the chromium content in metal and the Cr2O3 content in slag results in a decrease in phosphorus removal capacity, irrespective of other parameters. Chromium in scrap oxidizes to Cr2O3 in the slag, which diminishes the dephosphorization capacity because Cr2O3 is an acidic component that reduces slag basicity. Additionally, chromium stabilizes phosphorus in the metal phase, as indicated by the first-order interaction coefficient (    e   P   C r   = − 0.93   [79],   − 0.03   [76]). Moreover, Cr2O3 promotes the formation of spinel solid particles, which reduces the proportion of liquid slag and increases its viscosity. This, in turn, lowers the dephosphorization capacity by decreasing the amount of liquid slag available for phosphorus removal and potentially slowing the kinetics of dephosphorization. Yang et al. [77] also reported that Cr2O3 levels exceeding 0.5 wt% in slag lead to increased viscosity. An increase in sulfur (S) content in scrap results in a decrease in phosphorus content in steel. This effect can be attributed to the increased activity coefficient of phosphorus in the presence of sulfur in the metal (    e   P   S   = 0.028    [76],   0.048    [79]). Prolonging the process duration also aids dephosphorization by increasing the time for phosphorus partitioning to the slag via the steel–slag interface. The oxidation of manganese (Mn) from the scrap leads to a high MnO content in the slag. MnO increases slag basicity, decreases viscosity, and lowers the liquidus temperature [78]. Consequently, it is expected to enhance the dephosphorization process, as observed in this study. An increase in scrap weight raises the phosphorus content in steel, as scrap serves as a source of phosphorus in the process.




Data Normalization


In ML models, various parameters with distinct values and units are utilized. To facilitate the learning process and ensure rapid model convergence while mitigating bias from differing scales, it is crucial to standardize the data. The Min–Max normalization method is used for this purpose, scaling values to the range [0, 1]. The normalization process is mathematically expressed in Equation (13):


    z   i   =      x   i     −   min  ⁡  ( x )     m a x   x   − m i n ( x )     



(13)




where zi is the normalized value, xi is the original value, max(x) denotes the maximum value of the data, and min(x) denotes the minimum value of the data.






3.3. Model Evaluation


The efficiency of the ML models was evaluated using several statistical metrics, including MSE, RMSE, coefficient of determination (R2), and r. The mathematical formulas for calculating MSE, RMSE, and R2 are provided in Equations (14)–(16).


  M S E =    1   N        ∑  j = 1   N      (   y   j   −   ŷ   j   )   2      



(14)






  R M S E =     1   N        ∑  j = 1   N      (   y   j   −   ŷ   j   )   2       



(15)






    R   2   = 1 −      ∑  i = 1   m          ŷ   j   −   y   i       2         ∑  i = 1   m          y  ¯  −   y   i       2         



(16)




where N is the number of the entire dataset;     y   j      is the ith actual value of y;     ŷ   j     is the ith predicted value of ŷ; and     y    ¯    is the average of the actual values.



For regression models, the correlation coefficient r can also be used to evaluate the relationship between predicted values and actual values (refer to Equation (11)). However, it is often supplemented with other metrics such as R2, MSE, or RMSE for a more comprehensive evaluation.





4. Results and Discussion


4.1. Hyperparameter Optimization of ANN


As mentioned in the Section “Establishment of Artificial Neural Network Models”, the hyperparameters were optimized using the approach proposed by Begstra et al. [74,83] to develop an optimal ANN model. The goal was to design architectures tailored to the specific problem at hand. Various combinations were tested, with different numbers of hidden layers, neurons, and iterations, while considering the required learning time. Table 4 provides a summary of the ANN structures tested. After an extensive series of trials and evaluations, a configuration that was both simple and effective was identified. The Adam optimizer was used to manage the learning rate, facilitating faster model convergence.



The first tested ANN model (ANN (1)) featured two hidden layers, with sixteen neurons in the first layer and eight neurons in the second layer, and was trained for 50,000 iterations, as shown in Figure 7a. The figure displays two curves: the training loss (in blue) and the validation loss (in orange), plotted against the total number of iterations. Both curves exhibit a similar pattern of gradual decline, suggesting a reduction in loss over time. After 50,000 iterations, the model achieved an MSE value of 0.0148.



A second architectural configuration (ANN (2)) was tested, featuring a more complex model with additional hidden layers and neurons compared to the previous one. This configuration included 144 neurons in the first hidden layer, 256 in the second, and 64 in the third, with a total of 5000 iterations. As shown in Figure 7b, the number of iterations was insufficient, as the convergence curves did not stabilize. The minimum MSE achieved with this configuration was 0.0097.



The third architectural configuration (ANN (3)) was tested to improve the model’s precision and overall accuracy. This iteration introduced an additional hidden layer, resulting in a total of four hidden layers, making the model moderately more complex than the previous two. In this configuration, the number of neurons per layer was reduced, with 128 neurons in the first three hidden layers and 64 in the fourth layer, and the model was trained for 25,000 iterations. As shown in Figure 7c, the MSE approached zero after approximately 6000 iterations, with a minimum MSE of 0.00003.



As a concluding phase in the process of optimizing the ANN model, the model ANN (3), which has the following architectural parameters, 128-128-128-64, was selected. A minor alteration to the dataset was implemented by combining the validation set with the training set, thus enabling the model to be retrained with a more extensive dataset. The initial division of the total dataset into three subsets was as follows: 60% for training, 20% for validation, and 20% for testing. In the final stage of the optimization process, the dataset was divided into two subsets: 80% for training and 20% for testing. This approach ensures that the model demonstrates generalization capabilities that extend well beyond the parameters of the training data. At last, the model was evaluated based on its performance when tested with the test set. The results of the model convergence are presented in Figure 7d. It is evident that the model converges at a faster rate than previous models, reaching a minimum MSE value after just 5000 iterations. For the model trained on a CPU (Intel(R) Core(TM) i7-4710HQ CPU @ 2.50 GHz) and GPU (Intel(R) HD Graphics 4600 with a memory capacity of 12.0 GB), the training process took approximately 90 min.




4.2. Comparison of the ANN Models with Other Models


To evaluate the generalization performance and prediction accuracy of the models developed in this study, various metrics were used. Table 5 summarizes the results of the performance evaluation for all the tested models, including ANN models with varying hyperparameters, the RF model, and the SVM-RBF model.



Based on the r and p-values, six parameters with weak correlations were eliminated. The updated results for the modified RF model, which was evaluated using a dataset split into 80% for training (with 5-fold cross-validation) and 20% for testing, are as follows: the best R2 score during cross-validation is 0.1236, while the R2 scores on the validation and test sets are 0.12 and 0.11, respectively. The training score is notably higher at 0.56, indicating that despite the parameter adjustments, the model still exhibits a limited ability to generalize to unseen data, with potential overfitting observed.



For comparison, the RF model with 12 input parameters was also evaluated across different datasets, which were divided into three parts: 60% for training, 20% for validation, and 20% for testing. The R2 value on the validation set was 0.10, while the R2 value on the test set was 0.07. In contrast, the training score (R2) was 0.87. These metrics suggest that the model’s generalization performance improved only slightly, with an R2 value of 0.11 for the six input parameters compared to 0.07 for the twelve input parameters.



The MSE and RMSE for the SVM-RBF model are 0.03 and 0.17, respectively. The R2 values for training, validation, and testing are 0.17, 0.09, and 0.08, respectively. The low R2 values indicate that the SVM model with an RBF kernel does not capture the relationship between the input variables and the target variable well. This suggests that the model is not performing effectively. An R2 value of 0.08 for the test set means that the model explains only 8% of the variance in the test data, confirming that the model does not generalize well to new data. These results suggest that neither the RF nor the SVM-RBF models effectively captured the correlation between the input variables and the target, indicating that these models may not be well suited for this problem.



The ANN (1) model achieved an MSE of 0.0148, RMSE of 0.1216, R2 of 0.61, and r of 0.778. The ANN (2) model showed improvement with an MSE of 0.0097, RMSE of 0.0985, R2 of 0.75, and r of 0.866. The ANN (3) model, with its architecture modifications, demonstrated outstanding results: MSE of 0.00003, RMSE of 0.0055, R2 of 0.9993, and r of 0.9996. These results indicate that this architecture is highly effective for explaining the relationship between input variables of the EAF and the endpoint phosphorous content of steel. Finally, the optimized ANN (3) model, which involved dataset adjustments but retained the same architecture, achieved the following metrics: MSE of 0.000016, RMSE of 0.00499, R2 of 0.9996, and r of 0.9998.



To validate the ANN models, regression plots were used, as shown in Figure 8, to illustrate the relationship between the ANN model’s outputs and the actual values. As seen, the precision of phosphorus measurement is ±0.001 wt%, with 15 distinct phosphorus concentration values across all samples. A comparison of the scatterplots for the three ANN models shows that ANN (3)’s data distribution is significantly closer to the dashed line, with a high degree of overlap, compared to the other models.



Table 6 compares the performance metrics of the ANN models developed in this work with those of previous models in the literature, summarizing various studies that focus on different modeling approaches for predicting endpoint phosphorus content in steel during EAF and BOF processes. It details the models employed, input parameters, dataset sizes, and evaluation metrics. The ANN (3) model, which used 12 input parameters, analyzed a dataset of 1763 data points (with 1005 utilized), achieving an R2 of 0.9996 and an r of 0.9998. In contrast, the ANN (2) model, which was also applied to the same dataset, yielded an R2 of 0.75 and r of 0.866. Various models developed by Zhang et al. [46] revealed moderate performance, with the highest r being 0.608 for RF and the lowest at 0.382 for ridge regression. Both BPNN models by Zhou et al. [52] showed R2 values of 0.7596 and 0.8456, indicating decent predictive capabilities. The unhybrid ANN and hybrid physics-based ANN developed by Wang et al. [48] showed NRMSE values of 0.1796 and 0.1775, respectively. Chang et al. [43] developed various models and the R2 values ranged from 0.280 for FCN to 0.729 for the multi-channel GCN. He and Zhang [41] achieved an r-value of 0.79 for PCA-BPNN. Laha et al. [40] also developed various models for a reverberatory furnace, achieving an R2 of 82% for the SVR model.



The hit rate measures the percentage of predictions within a specified error margin for the final phosphorus content in steel. It evaluates the model’s generalization ability using unseen data, which helps indicate the risk of overfitting. Figure 9 illustrates the hit rates of the three ANN models developed in this work compared with those of models from the literature. The calculated minimum range for phosphorus variation is ±0.001%, which is reasonable given the precision of the phosphorus measurements. For ANN (2), hit rates were 45% within ±0.001 wt% (10 ppm P), 72% within ±0.002 wt% (20 ppm P), 87% within ±0.003 wt% (30 ppm P), and 95% within ±0.004 wt% (40 ppm P). However, both ANN (3) and the optimized ANN (3) with an 80%–20% split achieved a hit rate of 100% across all error thresholds.



Both ANN (2) and ANN (3) outperform earlier models [34,44,46,47,52], with ANN (3) showing particular accuracy in predicting the final phosphorus content in steel. The predictive accuracy of different NN architectures and their derivatives varies based on the input parameters and model design [41,43,44,46,47,48,50,52]. It might be that including scrap composition in our model appears to have enhanced prediction accuracy, as evidenced by a relatively strong correlation between scrap composition and final phosphorus content in steel (see Figure 5). Additionally, compared to previous work, neither a DNN with seven hidden layers and 416 neurons nor an ANN with two hidden layers and 24 neurons [50] could match the accuracy of the ANN (3) model with four hidden layers and 448 neurons. Additionally, ANN (2), despite its more complex nature, performs less well than ANN (3). This could be due to the fact that having four hidden layers in ANN (3) instead of three, as in ANN (2), enables the model to capture more complex patterns in the data. Furthermore, the ANN model with more neurons (464 in ANN (2)) may be more prone to overfitting, whereas ANN (3), with fewer neurons (448), could be less complex and better able to generalize. When searching a grid of neurons (y-axis) and hidden layers (x-axis), ranging from two to seven hidden layers and 24 to 464 neurons, as tested in both this work and previous work [50], we find that the combination of four hidden layers and 448 neurons provides the best fit for this specific dataset, leading to improved performance. This observation underscores the importance of carefully selecting input parameters, data processing methods, and designing the architecture of NN models.



By creating a user-friendly interface, the ANN (3) model can be effectively used for practical implementation, allowing plant engineers and operators to utilize it in situ for optimization purposes. The effect of different process parameters and initial input data on the endpoint phosphorous content can be predicted. Additionally, the proposed model architecture can be adapted to different scrap-based EAF operations with some adjustments.



The proposed model has the potential for scalability, particularly as a generic pre-trained model for scrap-based EAF steelmaking. This model can be tested against larger datasets and continuously improved and optimized to adapt to the dynamic conditions of steelmaking. Such adaptability is intrinsic to any robust machine learning model, ensuring its relevance as operational parameters evolve. Further development and customization of the model for specific furnaces or plants is encouraged; however, its current use remains subject to intellectual property constraints, which require verification and approval from industrial partners.



The current model can be incorporated into existing metallurgical workflows by developing an accessible interface for plant users and engineers. This interface would allow them to predict the impact of initial conditions and operational parameters on steel phosphorus content and quality. With the anticipated decline in scrap quality, having a model that considers variations in scrap composition and predicts its effects on phosphorus content and steel quality is critical for operational decision-making. The model can guide scrap selection and blending and also assist in evaluating and adjusting various operational parameters to compensate for shifts in scrap composition, making it a valuable tool for maintaining efficiency and product quality in the evolving landscape of steelmaking.





5. Conclusions


In the present work, various machine learning models were used to predict the phosphorus content in a low-alloy steel at the end of a scrap-based electric arc furnace (EAF) process. The tested models included a support vector machine (SVM) with a radial basis function (RBF) kernel, a random forest (RF), and artificial neural networks (ANNs). The main findings of this research are summarized below.



	
Strong correlations with the endpoint phosphorus content of steel were found for Cr and S contents in scrap, injected oxygen, and process duration (p-value < 0.01). Intermediate correlations were observed for scrap weight, Mn content in scrap, and injected lime (0.01 < p-value < 0.05). Weaker correlations were noted for energy consumption, deslagging temperature, C and Si contents in scrap, and tapping temperature (p-value > 0.05).



	
Machine learning models, such as SVM-RBF and RF, did not yield satisfactory results in terms of phosphorus prediction accuracy. Several ANN models with different architectures were tested, and the best model consisted of four hidden layers and 448 neurons. This model was trained for 500 epochs with batches of 50 samples, and implemented using the TensorFlow library. Hyperparameters were carefully tuned to maximize performance, employing the Adam optimizer for adaptive learning rate adjustments and the sigmoid activation function to introduce non-linearity in each neuron.



	
The optimized ANN model achieved higher performance compared to similar models reported in the literature, with a root mean square error (RMSE) of 0.004999, a mean squared error (MSE) of 0.000016, a correlation coefficient (r) of 0.9998, and a coefficient of determination (R2) of 0.9996. Additionally, it demonstrated a very good hit rate of 100% for predicting endpoint phosphorus content within ±0.001 wt% in steel (when tested on over 200 unseen data points). These results confirm that, even with a limited dataset (1005), an optimized ANN architecture combined with proper input data selection, such as scrap composition, can deliver accurate and reliable predictions of the phosphorus content in steel during the EAF process.
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Appendix A


The libraries utilized, along with their respective versions, for developing the ANN models are listed below:



Core Libraries



numPy 2.0.2



pandas 2.2.3



scipy 1.14.1



scikit-learn 1.5.2



Visualization



matplotlib 3.9.2



contourpy 1.3.0



cycler 0.12.1



fonttools 4.54.1



kiwisolver 1.4.7



pillow 11.0.0



Pygments 2.18.0



rich 13.9.4



Machine Learning/Deep Learning



tensorflow 2.18.0



tensorflow_intel 2.18.0



keras 3.6.0



tensorboard 2.18.0



tensorboard-data-server 0.7.2



tensorflow-io-gcs-filesystem 0.31.0



opt_einsum 3.4.0



gast 0.6.0



grpcio 1.67.1



h5py 3.12.1



AI/Language Models



openai 1.51.2



Data Manipulation and Parsing



openpyxl 3.1.5



et_xmlfile 2.0.0



python-dateutil 2.9.0.post0



pytz 2024.2



attrs 24.2.0



packaging 24.1



markdown-it-py 3.0.0



mdurl 0.1.2



Web and Networking



requests 2.32.3



httpcore 1.0.6



httpx 0.27.2



urllib3 2.2.3



websocket-client 1.8.0



websockets 13.1



sniffio 1.3.1



wsproto 1.2.0



Serialization and Protocol Buffers



protobuf 5.28.3



flatbuffers 24.3.25



Automation and GUI Tools



PyAutoGUI 0.9.54



PyGetWindow 0.0.9



PyMsgBox 1.0.9



PyRect 0.2.0



PyScreeze 1.0.1



Pyperclip 1.9.0



Pytweening 1.2.0



MouseInfo 0.1.3



PyInstaller and Related



Pyinstaller 6.11.1



pyinstaller-hooks-contrib 2024.10



Database Connectivity



mysql-connector-python 9.1.0



PyQt



PyQt5 5.15.11



PyQt5-Qt5 5.15.2



PyQt5_sip 12.15.0



Miscellaneous Utilities



tqdm 4.66.5



colorama 0.4.6



namex 0.0.8



distro 1.9.0



termcolor 2.5.0



Werkzeug 3.1.2



wrapt 1.16.0



Typing and Validation



pydantic 2.9.2



pydantic_core 2.23.4



typing_extensions 4.12.2



annotated-types 0.7.0



Selenium and Browsers



selenium 4.25.0



undetected-chromedriver 3.5.5



Async Libraries



anyio 4.6.2.post1



trio 0.27.0



trio-websocket 0.11.1



outcome 1.3.0.post0



Additional Libraries



absl-py 2.1.0



altgraph 0.17.4



astunparse 1.6.3



certify 2024.8.30



cffi 1.17.1



charset-normalizer 3.4.0



exceptiongroup 1.2.2



h11 0.14.0



joblib 1.4.2



Markdown 3.7



ml-dtypes 0.4.1



optree 0.13.0



pefile 2023.2.7



six 1.16.0



sortedcontainers 2.4.0



tzdata 2024.2



idna 3.10



pycparser 2.22



pywin32-ctypes 0.2.3



jiter 0.6.1
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Figure 1. Schematic of an electric arc furnace steelmaking process. 
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Figure 2. Example of an artificial neural network architecture along with a basic neuron. 
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Figure 3. Flow chart for the development of the artificial neural network model based on historical plant data. 
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Figure 4. Key features of a box plot diagram for identifying outliers and understanding data distribution. 
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Figure 5. Descriptive statistics for the various parameters, including minimum and maximum values, mean, standard deviation, and identification of outliers for each parameter. Scr. Weight: scrap weight; Tap. T: tapping temperature; Dslg. T: deslagging temperature; Ener: energy consumption. 
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Figure 6. Pearson correlation coefficients (r) between final phosphorus content of steel (the target variable) and input parameters in electric arc furnace. Durat.: process duration; Scr. Weight: scrap weight; Tap. T: tapping temperature; Dslg. T: deslagging temperature; Ener: energy consumption. 
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Figure 7. Learning curves for the ANN models during training and validation: (a) ANN (1) with layer configuration 16-8, (b) ANN (2) with layer configuration 144-256-64, (c) ANN (3) with layer configuration 128-128-128-64, and (d) ANN (3) evaluated with a data split of 80% for training and 20% for testing. 
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Figure 8. Comparison between predicted P values obtained by the ANN models and actual measured values: (a) ANN (1): 16-8; (b) ANN (2): 144-256-64; (c) ANN (3): 128-128-128-64; and (d) ANN (3) evaluated with a data split of 80% for training and 20% for testing. 
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Figure 9. Hit rates of the optimized model ANN 3_O (80%–20% split) along with those of previously developed models [34,44,46,47,52,67]. 
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Table 1. Input parameters used to develop the machine learning models.
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Variables

	
Description of Variables

	
Justification






	
x1

	
Scrap weight

	
Main material of EAF (source of P)




	
x2

	
C content in scrap

	
Elements in scrap affecting dephosphorization




	
x3

	
Mn content in scrap




	
x4

	
Cr content in scrap




	
x5

	
Si content in scrap




	
x6

	
S content in scrap




	
x7

	
Injected oxygen

	
Oxidant




	
x8

	
Injected lime

	
Dephosphorization agent




	
x9

	
Energy consumption

	
Process parameters




	
x10

	
Deslagging temperature




	
x11

	
Tapping temperature




	
x12

	
Process duration











 





Table 2. Statistics describing the input and output variables for prediction.
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Feature Category

	
Feature

	
Min Value

	
Max Value

	
Mean

	
STD *






	
Endpoint

	
P content in steel (wt%)

	
0.003

	
0.018

	
0.010

	
0.003




	
Scrap key composition

	
C content in scrap (wt%)

	
0.06

	
0.34

	
0.27

	
0.05




	
Mn content in scrap (wt%)

	
0.58

	
3.58

	
0.80

	
0.10




	
Cr content in scrap (wt%)

	
0.11

	
1.88

	
0.75

	
0.26




	
Si content in scrap (wt%)

	
0.13

	
0.79

	
0.23

	
0.04




	
S content in scrap (wt%)

	
0.004

	
0.080

	
0.013

	
0.003




	
Process parameters

	
Injected oxygen (m3)

	
77.87

	
289.97

	
179.05

	
29.96




	
Injected lime (kg)

	
975

	
1950

	
1048

	
256




	
Energy consumption (kWh)

	
18,008

	
23,398

	
20,702

	
941




	
Deslagging temperature (°C)

	
1518

	
1682

	
1600

	
55




	
Tapping temperature (°C)

	
1609

	
1696

	
1652

	
27




	
Scrap weight (kg)

	
41,340

	
43,708

	
42,673

	
783




	
Process duration (min)

	
103

	
711

	
143

	
45








* STD: standard deviation.













 





Table 3. Calculated results of p-value between final phosphorous content of steel and input variables.
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	Input Parameters
	r
	p-Value





	Scrap weight
	0.07
	2.44 × 10−2 *



	C content in scrap (kg)
	−0.03
	3.49 × 10−1



	Mn content in scrap (kg)
	−0.07
	2.22 × 10−2 *



	Cr content in scrap (kg)
	0.17
	1.39 × 10−7 **



	Si content in scrap (kg)
	−0.03
	3.56 × 10−1



	S content in scrap (kg)
	−0.11
	5 × 10−4 **



	Injected oxygen (kg)
	−0.18
	3 × 10−9 **



	Injected lime (kg)
	−0.06
	4.73 × 10−2 *



	Energy consumption
	−0.05
	9.23 × 10−2



	Deslagging temperature
	−0.05
	9.35 × 10−2



	Tapping temperature
	0.005
	9.38 × 10−1



	Process duration
	−0.08
	8.89 × 10−3 *







A total of 1005 data points were analyzed. p-values < 0.05 are marked with (*), and p-values < 0.01 with (**).













 





Table 4. Hyperparameters used in the developed ANN models.
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Hyperparameters

	
Different Models




	
ANN (1)

12-16-8-1

	
ANN (2)

12-144-256-64-1

	
ANN (3)

12-128-128-128-64-1






	
Number of neurons

	
24

	
464

	
448




	
Number of layers

	
2

	
3

	
4




	
Number of epochs

	
1000

	
100

	
500




	
Batch size

	
50

	
50

	
50











 





Table 5. Metrics for the developed machine learning models.
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Metrics

	

	
Model




	
SVM-RBF

	
RF

	
ANN (1)

	
ANN (2)

	
ANN (3)

	
ANN (3) Optimized






	
MSE

	
0.03

	
7.9034 × 10−6

	
0.0148

	
0.0097

	
0.00003

	
0.000016




	
RMSE

	
0.17

	
0.0028

	
0.1216

	
0.0985

	
0.0055

	
0.004999




	
r

	
0.2828

	
0.3316

	
0.778

	
0.866

	
0.9996

	
0.9998




	
R2 *

	
0.08

	
0.11

	
0.61

	
0.75

	
0.9993

	
0.9996








* R2 value for the test set.













 





Table 6. Comparative summary of the newly proposed model and previous models.
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References

	
Process

	
Model

	
Input Parameters

	
Data Size

	
Evaluation Metrics






	
This work

	
EAF

(Scrap)

	
ANN (3)

	
12

	
1763 (1005)

	
R2: 0.9996




	
r: 0.9998




	
ANN (2)

	
R2: 0.75




	
r: 0.866




	
Zou et al. [47]

	
EAF

(HM * + Scrap)

	
BPNN

	
10

	
1250 (580)

	
-




	
-




	
Chen et al. [44]

	
EAF

(HM + Scrap)

	
k means-BPNN-DT

	
18

	
1258

(1114)

	
-




	
DNN

	
-




	
BPNN

	
-




	
Yuan et al.

[34]

	
EAF

	
LS-SVM-PCR

	
10

	
82

	
-




	
Zhang et al. [46]

	
BOF

	
Ridge regression

	
16

	
13,000

(7776)

	
r: 0.382

MARE: 0.182

RMSE: 0.00369




	
GBR

	
r: 0.599

MARE: 0.155

RMSE: 0.00325




	
SVM

	
r: 0.52

MARE: 0.177

RMSE: 0.00342




	
RF

	
r: 0.608

MARE: 0.156

RMSE: 0.00319




	
CNN

	
r: 0.541

MARE: 0.173

RMSE: 0.00354




	
Zhou et al. [52]

	
BOF

	
Unconstrained BPNN

	

	

	
R2: 0.7596

RMSE: 0.0037




	
Monotone-constrained BPNN

	
10

	
(900)

	
R2: 0.8456

RMSE: 0.0030




	
Wang et al. [48]

	
BOF

	
Unhybrid NN

	
19

	
28,000

	
NRMSE: 0.1796




	
Hybrid physics-based NN

	
NRMSE: 0.1775




	
Chang et al. [43]

	
BOF

	
PLS

	
42

	

	
R2: 0.728

RMSE: 0.0019




	
SVR

	
R2: 0.622

RMSE: 0.0022




	
FCN

	
R2: 0.280

RMSE: 0.0028




	
ELM

	
R2: 0.620

RMSE: 0.0022




	
GCN

	
R2: -0.132

RMSE: 0.0038




	
Multi-channel GCN

	
R2: 0.729

RMSE: 0.0019




	
He and Zhang [41]

	
BOF

	
PCA and BPNN

	
18 (7 with PCA)

	
1978

	
r: 0.79




	
Laha et al. [40]

	
Reverberatory Furnace

	
RF, NN, DENFIS, SVR

	
10

	
54

	
R2: 82% (for SVR)








* HM stands for hot metal.
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