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Abstract: The objective of basic oxygen furnace (BOF) steelmaking is to achieve molten steel with final
carbon content, temperature, and phosphorus content meeting the requirements. Accurate prediction
of the above properties is crucial for end-point control in BOF steelmaking. Traditional prediction
models typically use multi-variable input and single-variable output approaches, neglecting the
coupling relationships between different property indicators, making it difficult to predict multiple
outputs simultaneously. Consequently, a multi-output prediction model based on the fusion of deep
convolution and attention mechanism networks (FDCAN) is proposed. The model inputs include
scalar data, such as the properties of raw materials and target molten steel, and time series data, such
as lance height, oxygen supply intensity, and bottom air supply intensity during the blowing process.
The FDCAN model utilizes a fully connected module to extract nonlinear features from scalar data
and a deep convolution module to process time series data, capturing high-dimensional feature
representations. The attention mechanism then assigns greater weight to significant features. Finally,
multiple multi-layer perceptron modules predict the outputs—final carbon content, temperature, and
phosphorus content. This structure allows FDCAN to learn complex relationships within the input
data and between input and output variables. The effectiveness of the FDCAN model is validated
using actual BOF steelmaking data, achieving hit rates of 95.14% for final carbon content within
±0.015 wt%, 84.72% for final temperature within ±15 ◦C, and 88.89% for final phosphorus content
within ±0.005 wt%.

Keywords: BOF steelmaking process; multiple output prediction model; multivariate time series;
deep convolution; attention mechanism

1. Introduction

Basic oxygen furnace (BOF) steelmaking is the most widely employed method world-
wide. In recent years, due to the continuous development of intelligent manufacturing
technology in the metallurgical field, end-point control technology in BOF steelmaking
has evolved towards automatic control driven by intelligent models [1,2]. The final carbon
content, phosphorus content, and temperature of molten steel are keys to the endpoint
control of BOF steelmaking. Inadequate control of carbon content increases the nitrogen
and oxygen levels in the steel while excessive carbon content hampers the dephosphoriza-
tion and desulfurization processes in molten steel. In other words, inadequate or excessive
carbon content reduces the properties of steel [3]. Similarly, an excessively high or low final
temperature will also increase the consumption of coolant and auxiliary materials, which
not only prolongs the converting time but also has a great impact on the life of the furnace
lining [4]. The increase in phosphorus content in steel will significantly reduce the strength
and toughness of the steel, resulting in increased cold brittleness [5]. Hence, the precise
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prediction of final carbon content, phosphorus content, and temperature in molten steel
can effectively reduce production costs, shorten the steelmaking cycle, stabilize control of
the steelmaking process, and improve the properties of molten steel.

Traditional end-point prediction models for BOF steelmaking primarily consist of
mechanism-based models and intelligent models [6,7]. For different steel grades in different
steel plants, BOF steelmaking has varying requirements for the accuracy of the final carbon
and phosphorus contents and the temperature of the molten steel [8]. The allowable error
ranges [9,10] are typically within ±0.005 wt%, ±0.010 wt%, ±0.015 wt%, or ±0.020 wt% for
carbon content; within ±10 ◦C, ±15 ◦C, or ±20 ◦C for temperature; and within ±0.003 wt%,
±0.005 wt%, or ±0.007 wt% for phosphorus content. Based on these standards, the ex-
isting mechanism-based models and intelligent models can meet these requirements to
varying degrees.

Mechanism-based models are established on principles derived from reaction mecha-
nisms, including mass balance, heat balance, thermodynamics, fluid flow [11], and mass
transport coefficients. Some scholars have utilized mechanism-based models to predict
the final carbon content, temperature, and phosphorus content of BOF steelmaking. For
instance, Schlautmann et al. [12] developed a dynamic model for the final phosphorus
content in BOF steelmaking based on detailed investigations regarding the related thermo-
dynamics, fluid flow, and kinetics by mass transport. Feng et al. [13] proposed a case-based
reasoning method based on mechanistic model similarity (CBR-MM). This method uti-
lizes the slag phosphorus distribution ratio and the principle of conservation of matter
to predict the final phosphorus content. Li et al. [14] introduced the concept of molten
pool mixing degree based on traditional three-stage decarburization theory and proposed
a model for the simultaneous prediction of carbon content and temperature at the end
of BOF steelmaking, considering the impact of the oxygen jet on decarburization. The
hit rate for final temperature within ±20 ◦C was 83.3%, carbon content was 82.6% within
±0.02 wt% (when below 0.1 wt%), and the double hit rate for both was 70.8%. Therefore,
it can be concluded that these models’ prediction accuracies largely satisfy the practical
production requirements.

In recent years, with the rapid development of computer technology, intelligent algo-
rithms have been increasingly used in the metallurgical field. Compared with traditional
mechanism models, intelligent models have obvious advantages in handling complex non-
linear relationships within data [15]. Therefore, many scholars have proposed intelligent
models, such as machine learning regression prediction (MLRP) models [16–18] and neural
network prediction (NNP) models [19,20], to improve the final prediction accuracy of BOF
steelmaking. In terms of MLRP models, Han et al. [21] integrated fuzzy c-means clustering,
mutual information, and support vector regression (SVR) to improve case reasoning for
predicting final carbon content in BOF steelmaking. The model was validated with actual
data from a 180-ton converter, and the hit rate of final carbon content reached 91.98% within
±0.02 wt%. Gao et al. [22] proposed a BOF steelmaking end-point control model using
improved unconstrained twin support vector regression (IUTSVR). For the 100-heat test set,
the double hit rate for carbon content within ±0.005 wt% and temperature within ±15 ◦C
was 90%. In addition to the intelligent models based on the SVR method. Zhang et al. [23]
compared five machine learning models for predicting final phosphorus content, including
ridge regression, gradient boosting regression, SVR, random forest regression (RFR), and
convolutional neural networks. The RFR model performed best, with a root mean square
error of 0.00319 wt%. Qian et al. introduced the functional kernel partial least squares
(FKPLS) method [24] and the functional relevance vector machine (FRVM) method [25].
The FKPLS method achieved mean relative prediction errors of less than 15.31% for carbon
content and 0.66% for temperature in molten steel. The FRVM method had a mean relative
prediction error of less than 18.09% for phosphorus content in molten steel. The above
scholars validated their models using extensive production data, demonstrating good
applicability and stability under various conditions.
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In terms of NNP models, such methods achieve data learning and prediction by
establishing a multi-layer network structure and a nonlinear activation function to au-
tomatically capture the characteristics of the data [26–29]. Improved prediction models
based on deep neural networks are widely used for predicting the end point of BOF steel-
making. He et al. [30] established an intelligent model combining principal component
analysis (PCA) and a back propagation neural network (BPNN) to predict the final phos-
phorus content. The hit rates for phosphorus content within the error range of ±0.007 wt%,
±0.005 wt%, and ±0.004 wt% were 96.67%, 93.33%, and 86.67%. Liu et al. [31] proposed
a hybrid model (PCA-GA-BP) combining PCA, a genetic algorithm (GA), and a BPNN.
Applied to a 250-ton BOF, the PCA–GA–BP method achieved a root mean square error
of 7.89 ◦C for temperature and 0.0030 wt% for carbon content. Zhou et al. [32] proposed
a final phosphorus content prediction model based on a monotone-constrained BPNN
(MC-BP). Using actual production data, the hit rates within error ranges of ±0.005 wt%
and ±0.003 wt% were 94% and 74%. Gu et al. [33] combined the CBR algorithm with a
long short-term memory (LSTM) network to create a real-time prediction model for carbon
content in the final stage of BOF steelmaking. The hit rates for carbon content within error
ranges of ±0.015 wt% and ±0.020 wt% were 71%, and 91%. The above results show that
NNP models have effectively predicted the final carbon and phosphorus contents and
temperature in BOF steelmaking.

It can be seen from the results of the above prediction models that different models
developed for the BOF steelmaking process led to different results. The differences in model
methodologies are the primary reason for the differing prediction results. Mechanism-
based models involve the modeling of physical and chemical processes, often involving
numerous theoretical assumptions and complex calculations. In contrast, intelligent models
are data-driven, learning from vast amounts of historical data to recognize patterns and
make predictions. These two approaches handle nonlinear relationships and complex
variables differently, leading to differing results. Additionally, intelligent models usually
require complex feature extraction methods to improve prediction accuracy, and the choice
of different feature extraction methods can lead to varying model performance. In conclu-
sion, traditional mechanism-based models rely on numerous theoretical assumptions and
struggle with the strong nonlinear relationship between the final properties of molten steel
and process parameters, limiting their predictive accuracy. The MLRP models, while im-
proving accuracy and generalization, are hindered by the complexity of feature extraction
and the selection of appropriate methods. The NNP models, despite using mixed scalar
and time series data, often fail to fully utilize time series information and typically focus on
single-variable outputs, neglecting the coupling relationships between different property
indicators. Therefore, effective feature extraction from mixed data and the decoupling of
property relationships remain critical challenges.

In view of the problems existing in the traditional prediction model, a multi-output
prediction model based on the fusion of deep convolution and attention mechanism net-
works (FDCAN) is proposed. Scalar data such as the properties of raw materials and target
molten steel, as well as time series data, such as lance height, oxygen supply intensity, and
bottom air supply intensity, are used as inputs to the prediction model. The FDCAN model
extracts non-linear features from scalar data using a fully connected module, while a deep
convolution module extracts features from time series data. Then, these features are con-
catenated and input into the attention-augmented multi-layer perceptron module, which
assigns weights to the features. The weighted features are used to predict the final carbon
and phosphorous contents and temperature of steel through three multi-layer perceptron
modules. The advantages of the FDCAN method are as follows. (1) In order to extract
features of mixed input variables, the fully connected module is used to extract nonlinear
features of scalar data, and the embedding and group convolution modules are used to
process time series data. The embedding module can map data to high channel dimensions
and facilitate the extraction of long-term dependencies by slicing the time series. Two sets
of group convolutions are used to extract local features of the time series in the channel
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and variable dimension, which is beneficial to capturing the complex temporal correlation
within the blowing process parameters. (2) In order to decouple the complex relationship
between different output variables, the attention mechanism is used to give greater weight
to important features. Multiple independent multi-layer perceptron modules are used
to learn the mapping relationship between each output variable and important features
separately. The above branch structure helps capture the potential correlation between all
variables and maintain the independence of the output variables. The effectiveness of the
FDCAN model is verified using actual data from BOF steelmaking.

The rest of the paper is organized as follows. Section 2 describes the problems present
in traditional end-point property prediction models and gives a brief overview of the
principle of multi-output property prediction models. Section 3 details the FDCAN model
architecture. Section 4 verifies the model’s effectiveness using BOF steelmaking data,
discusses core parameters, and selects optimal values for the best predictions. Comparison
methods and ablation experiments further validate the FDCAN model. Section 5 concludes
the paper.

2. Problem Statement

The key task of end-point control of the BOF steelmaking process is to ensure that the
final carbon and phosphorous contents and temperature of steel meet the requirements.
Accurate control of the end-point can decrease the number of additional blows, which is
of great significance for improving production efficiency, reducing production costs, and
stabilizing the properties of the final product. However, steelmaking is a process with a
long production cycle, complex physical and chemical reactions, large fluctuations in raw
materials, strong time variability in the blowing process, unstable process control, and a
heavy reliance on manual experience. Traditional prediction models such as MLRP models
and NNP models exhibit the following limitations when applied to predicting the final
properties of BOF steelmaking.

1. The BOF steelmaking process includes both scalar data such as raw material properties
and time series data such as the process parameters of the blowing process. Traditional
prediction models still have certain limitations in capturing the nonlinear and time-
varying characteristics of steelmaking data containing mixed data types, especially
time series data.

2. The final carbon and phosphorous contents and temperature of steel are not only
affected by a variety of input variables but also the complex non-linear coupling
relationships between these property indicators. For example, the temperature will
affect the decarburization rate and dephosphorization rate, which will in turn affect
the carbon content and phosphorus content. At different blowing stages, changes
in carbon content will have different effects on the dephosphorization rate. Tradi-
tional prediction models ignore the mutual coupling relationships between property
indicators, and it is necessary to further improve the accuracy of the simultaneous
prediction of multiple property indicators.

In order to solve the above problems, deep learning technology is used to establish a
multi-output prediction model for BOF steelmaking. The main idea of the model is shown
in Figure 1.

Scalar data such as raw material properties provide key physical and chemical pa-
rameters relevant to the steelmaking process. These data have a direct impact on the final
carbon content, phosphorus content, and temperature. Time series data such as lance
height provide information on dynamic changes occurring during the blowing process. For
instance, changes in oxygen supply intensity will affect the decarburization rate and thus
the final carbon content. Hence, both scalar and time series data serve as input variables for
the model. Deep network structures can be used to extract features of mixed input variables.
The mapping relationship f between output variables and input variables is established to
predict multiple output variables by inputting multiple variables. The improved accuracy
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and reliability of the final prediction will provide data guidance for dynamically controlling
the steelmaking process.
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Figure 1. The main idea of a multi-output prediction model.

3. Methodology
3.1. Network Structure

BOF steelmaking data include scalar data such as properties of raw materials and
time series data based on process parameters. Let Atr = {(S, X)}N

n=1 represent the training
dataset. Let S = {sn1, sn2, · · · , snDs}, n = 1, 2, . . . , N, S ∈ ℜN×Ds be a vector space of scalar
variables, where n represents the number of samples and Ds is the dimension of scalar
variables. Let X = {x1, · · · , xt, · · · , xT}, X ∈ ℜN×T×Dt be a vector space of time series
variables, where xt = [xt1, xt2, · · · , xtDt ]

T represents the observed values of all variables at
the t-th moment, T represents the time length of time series variables, and Dt represents
the dimension of the time series variables.

The network architecture of the FDCAN model, shown in Figure 2, primarily com-
prises a fully connected (FC) module, a deep convolution (DC) module, and an attention-
augmented multi-layer perceptron (AMLP) module. The FC module is utilized for extract-
ing features from scalar data. The DC module is employed to capture the characteristics
inherent in time series data. The AMLP module serves the dual purpose of learning feature
representations from heterogeneous data and predicting multiple output variables.
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The FC module is employed to extract nonlinear features within scalar data and
consists of a linear layer followed by a ReLU activation function, as shown in the left branch
in Figure 2. The output H1 of the FC module can be represented as follows:

H1 = ReLU(W1S + b1) (1)

where W1 and b1 represent the weight and bias of Linear1, while ReLU() denotes the
activation function.

The network structures of the DC module and AMLP module are introduced in detail
in Sections 3.2 and 3.3.

3.2. Deep Convolution Module

The DC module consists of two parts: the embedding (Embed) module and the group
convolution (GC) module. Specifically, the embedding module maps the original data to
a multi-channel dimension space by embedding a channel dimension into the original
multivariate time series, which is beneficial to capturing the long dependence of the data in
the time dimension. In addition, the group convolution module extracts the characteristics
of time series data in the variable dimension and channel dimension through variable
group convolution and channel group convolution with different numbers of groups. In
summary, the main function of the DC module is to extract feature representations of
various dimensions from time series data.

3.2.1. Embedding Module

The original multivariate time series includes a sample dimension, a time dimension,
and a variable dimension. The embedding module first embeds a channel dimension based
on the three dimensions of the original multivariate time series, with the purpose of map-
ping the original data into a multi-channel dimensional space to obtain richer information
representation. Then, the time series is sliced through the larger convolutional receptive
field in one-dimensional convolution (Conv1d) to capture long dependent relationships in
the time dimension. The network structure of the embedding module is shown in Figure 3.
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Figure 3. Network structure of the Embed module.

The permute function is employed to exchange the time dimension T and variable
dimension Dt of the original multivariate time series, resulting in a data shape of (N, Dt, T).
Then, the unsqueeze function is applied to add a dimension to the tensor, resulting in a data
shape of (N, Dt, 1, T). The rearrange function is utilized to merge the dimensions of tensors,
resulting in a data shape of (N × Dt, 1, T). One-dimensional convolution is employed to
extract features along the time dimension from the data obtained above. Assuming that
the number of output channels of one-dimensional convolution is C, this results in a data
shape of (N × Dt, C, L). The time length L after the convolution operation can be expressed
as the following equation:

L =

⌊
T − kernel_size + padding_left + padding_right

stride

⌋
+ 1 (2)
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where ⌊ ⌋ represents rounding down, kernel_size represents the convolution kernel size,
padding_left and padding_right represent the left and right padding length of the time
series, and stride represents the stride size.

In order to facilitate subsequent data processing, the rearrange function is used to
transform the dimensions of the data. Therefore, the data shape of the output feature XE is
(N, Dt, C, L) after the original data is processed by the embedding module.

While the number of variables in the original multivariate time series remains un-
changed, the embedding module can enhance the richness of the data by increasing the
channel dimension, which is beneficial to subsequent feature extraction operations. In ad-
dition, the introduction of channel dimensions can characterize the evolution trend of each
variable at different time points from different channel dimensions, which is beneficial to
capturing complex nonlinear characteristics within the data. At the same time, employing
larger convolution kernels in one-dimensional convolution enables the network to acquire
a broader receptive field, which helps the network capture longer distance dependencies,
thereby improving the performance of the model.

3.2.2. Group Convolution Module

In order to extract the characteristics of multivariate time series in the variable dimen-
sion and channel dimension, the group convolution module [34] consists of a variable group
convolution (VGC) module, a channel group convolution (CGC) module, and functions
such as dimension permute and dimension rearrange. The network structure of the group
convolution module is shown in Figure 4.
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The rearrange function is employed to multiply the channel dimension and vari-
able dimension of XE output by the embedding module, resulting in a data shape of
(N, Dt × M, L). The purpose of the above shape transformation is to provide data support
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for the subsequent extraction of the evolutionary trends of the time series in both the
channel and variable dimensions.

The variable group convolution module is composed of a one-dimensional group
convolution, a batch normalization, a GeLU activation function, and a pointwise convolu-
tion. The number of groups of one-dimensional group convolution in the variable group
convolution module is Dt, that is, the data are divided into groups Dt, with each group
containing the time series data for all channels of a variable. Therefore, one-dimensional
group convolution can extract the local features of the time series of each variable on
all channels.

A batch normalization function and a GeLU activation function are added after the
one-dimensional group convolution. Batch normalization introduces noise to the data by
randomly sampling the mean and variance of the data. The purpose is to prevent drastic
changes in data distribution from causing a decrease in convergence speed. Therefore, batch
normalization can reduce the problem of gradient explosion or gradient disappearance
during the training process and speed up the convergence of the network. GeLU (Gaussian
Error Linear Unit) is an activation function based on the Gaussian error function. Compared
with other activation functions such as ReLU, GeLU has a smoother output, which helps
improve the convergence speed of the training process. Using one-dimensional group
convolution, it is difficult to fuse information between different variables because variables
are used one by one. Consequently, a pointwise convolution is introduced following one-
dimensional group convolution, batch normalization, and the GeLU activation function.
The output channels of pointwise convolution are equal to the input channels because
the convolution kernel size is 1. Pointwise convolution can achieve linear transformation
between variables without changing the time dimension of the input features. Thus,
pointwise convolution can obtain new feature representations that incorporate information
between various variables. In summary, the variable group convolution module is capable
of simultaneously capturing time series information within and across variables. The
equation of the variable group convolution module is as follows:

Xout = PWconv
(

B
(

GeLU
(

Gconv
(

Xin
))))

(3)

where Xin and Xout denote the input and output of the variable group convolution module,
respectively. Gconv() represents a one-dimensional group convolution. GeLU() represents
the GeLU activation function. B() represents batch normalization. PWconv() represents
pointwise convolution.

The channel group convolution module has the same network structure as the variable
group convolution module and is composed of one-dimensional group convolution, batch
normalization, the GeLU activation function, and point-wise convolution. The number of
groups of one-dimensional group convolution in the channel group convolution module is
C, that is, the data are divided into C groups, with each group containing the time series
data of all variables of one channel. Therefore, one-dimensional group convolution can
extract the local features of the time series of each channel on all variables. The channel
group convolution module can simultaneously capture the time series information of all
variables within and between channels of time series data.

The group convolution module uses variable group convolution and channel group
convolution with different numbers of groups to extract features in the channel dimension
and variable dimension of time series data. It is worth mentioning that operations such
as rearrange and permute are performed between the two group convolutions in order
to correctly group the time series data in the variable dimension and channel dimension.
After the utilization of the variable group convolution module and the channel group
convolution module to fully extract the time-varying features of the time series data,
Linear2 is used to map the time dimension features to a lower dimension, that is, the
shorter time dimension L′. Finally, the Mean function is applied to compress the time
dimension to retain the variable dimension of the extracted features, resulting in a data
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shape of (N, Dt). The features of the scalar and time series data extracted by the fully
connected module and the group convolution module are input to the attention-augmented
multi-layer perceptron module.

3.3. Attention-Augmented Multi-Layer Perceptron Module

The attention-augmented multi-layer perceptron module consists of an attention
mechanism and multiple multilayer perceptron (MLP) modules. The network structure of
the attention-augmented multi-layer perceptron module is shown in Figure 5.
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The attention mechanism is employed to jointly extract features of scalar and time
series data. Feature H1 of scalar data extracted by the FC module and feature H2 of time
series data extracted by the DC module are concatenated along the variable dimension to
obtain the mixed feature H3:

H3 = cat(H1, H2) (4)

where cat() represents the concatenate.
In order to facilitate focusing on features relevant to the prediction task, the mixed

feature H3 is input into the attention mechanism, which consists of a linear layer and the
ReLU activation function. The mixed features are mapped to a new representation space
through linear transformation, and the ReLU activation function is used to increase the
nonlinear expression ability of the model. Hence, the attention mechanism can be employed
to obtain the corresponding weights of different features. The calculation equation of
attention weight S is as follows:

S = ReLU(W3H3 + b3) (5)

where W3 and b3 represent the weight and bias of Linear3.
Multiply the weight S obtained by the attention mechanism and the corresponding

elements of feature H3 to obtain feature M with different weights. It is worth noting that
Linear3 has the same input dimensions and output dimensions. The advantages of the
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design are that it not only simplifies the structure of the model but also allows the model
to keep the dimensions of the features unchanged during the learning process, making it
easier to transfer and combine information. Therefore, the value m(j) of the j-th feature of
the weighted feature M can be expressed as follows:

m(j) = h(j)
3 ⊙ s(j) (6)

where s(j) represents the j-th feature in tensor S, h(j)
3 represents the j-th feature in tensor

H3, and ⊙ denotes multiplying the elements at corresponding positions in the two vectors.
The attention mechanism is used to assign different weights to mixed features, which

helps the module to pay more attention to the key information in the mixed features.
Moreover, the attention mechanism is followed by three multi-layer perceptron modules,
which are used to predict the final carbon and phosphorus contents and temperature.
Each multi-layer perceptron module is composed of multiple linear layers and non-linear
activation functions, which can perform in-depth learning and representation of weighted
mixed features and mine complex features that are strongly related to each prediction
target. Furthermore, each multi-layer perceptron module is used to independently learn
specific features relevant to the respective prediction target, rather than mixing features
from all variables. Therefore, the design of the branching structure helps to decouple the
characteristic relationships between different dependent variables. The equations of the
three multi-layer perceptron modules are as follows:

ŷC = Sigmoid(W5(ReLU(W4M + b4)) + b5)
ŷP = Sigmoid(W7(ReLU(W6M + b6)) + b7)
ŷT = Sigmoid(W9(ReLU(W8M + b8)) + b9)

(7)

where ŷC, ŷT, and ŷP represent the predicted values of end-point carbon content, tempera-
ture, and phosphorus content, W4 and b4, W5 and b5, W6 and b6, W7 and b7, W8 and b8,
and W9 and b9 represent the weight and bias of Linear4, Linear5, Linear6, Linear7, Linear8,
and Linear9.

The objective of the FDCAN model is to precisely predict the end-point carbon content,
temperature, and phosphorus content simultaneously. The FDCAN model uses the mean
squared error (MSE) loss function, which is as follows:

L =
1
N

N

∑
i=1

(yi − ŷi)
2 (8)

where N is the number of samples, yi is the true value of end-point carbon content, temper-
ature, and phosphorus content, and ŷi is the predicted value of end-point carbon content,
temperature, and phosphorus content.

3.4. Flow of FDCAN

The training and testing process of the proposed FDCAN model is shown in Figure 6.
The training process is as follows.

1. Normalize the training set sample Atr to eliminate the influence of dimension.
2. Initialize the global parameters of the FDCAN model, including the maximum number

of iteration epochs, the sample batch size, the learning rate lr, and the weight decay wd.
3. Use the fully connected module to extract features of scalar data and obtain hidden

features H1;
4. Use the embedding module and deep convolution module to extract the characteristics

of time series data in the time dimension, variable dimension, and channel dimension
to obtain hidden features H2;

5. Hidden features H1 and H2 are concatenated to obtain H3, which is input into the
attention mechanism of the attention-augmented multi-layer perceptron module to
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obtain hidden features M. Multiple multi-layer perceptron modules are used to
predict multiple output variables.

6. Employ the MSE loss to measure the difference between the predicted and real values.
The Adam optimizer is applied to update the FDCAN model.

7. Train the FDCAN model and obtain the prediction results of the training set.
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The testing process of the FDCAN model is as follows.

1. The maximum and minimum values of each variable in the training dataset are used
to normalize the testing dataset.

2. The trained FDCAN model is employed to obtain the predicted values of final carbon
content, temperature, and phosphorus content of new samples in the testing dataset.

4. Experiment on BOF Steelmaking
4.1. Data Description

The data on BOF steelmaking are collected from a 260-ton converter in the steelmaking
department of a steel plant. The steel types involved in the data are low-carbon medium-
phosphorus steels, which adopt a low-carbon pulling process and a single slag process. The
low-carbon pulling process involves reducing the carbon content in steel by optimizing
the blowing process, adding appropriate cooling agents, and fine-tuning the end-of-blow
operations to achieve the desired low carbon levels, thereby improving the properties
of the steel. The target end-point carbon content is 0.04 wt%. The upper limit of the
target end-point phosphorus content is 0.035 wt%. The target tapping temperature for
each heat is provided by the process card. The original data need to be preprocessed,
including eliminating missing values and outliers. A total of 724 heats of data are obtained.
In order to accurately predict the final carbon content, temperature, and phosphorus
content, it is necessary to select independent variables that are highly correlated with
the dependent variables according to the metallurgical mechanism [35]. Moreover, these
independent variables are able to characterize the physical and chemical reactions and
operating conditions during the steelmaking process.

The independent variables that affect the final carbon content, phosphorus content,
and temperature mainly include the following variables: (1) Variables related to molten
iron include steel scrap quantity, molten iron quantity, molten iron temperature, molten
iron carbon, silicon, manganese, phosphorus, and sulfur content. The physical heat of
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molten iron is the main source of heat balance income for the entire steelmaking process.
The addition of scrap steel will absorb heat and lower the temperature. The carbon and
phosphorus content of molten iron determine the initial chemical composition of steelmak-
ing. Therefore, these variables have a direct impact on the final carbon content, phosphorus
content, and temperature. (2) Oxygen-supply-related variables include lance height, oxy-
gen supply intensity, and oxygen pressure. The control of these variables will affect the
distribution and utilization efficiency of heat in the furnace, which in turn affects the control
of the carbon oxidation rate, the efficiency of dephosphorization, and the final temperature.
(3) Bottom-blow-related variables include bottom air supply intensity. Bottom-blowing gas
can enhance the stirring effect of the molten pool and promote the mixing and reaction
kinetics inside the molten steel, which is conducive to the decarburization reaction and pro-
motes more efficient dephosphorization. Especially in the last blowing stage, strengthening
the bottom air supply intensity can promote the further reaction of carbon and oxygen,
help reduce the oxygen content in the molten steel, and thus affect the final temperature.
(4) Temperature-related variables are molten iron temperature, TSC (Temperature sampling
carbon) temperature, and target tapping temperature. Higher temperatures enhance the
oxidation reactions that remove carbon and improve the reaction kinetics, making carbon
removal more efficient. Similarly, optimal temperatures facilitate the dephosphorization
process by accelerating phosphorus removal reactions and promoting proper slag forma-
tion. However, excessively high temperatures can decrease the solubility of phosphorus in
slag, leading to its reversion into the steel. Thus, precise temperature control is essential for
effectively reducing both carbon and phosphorus content. (5) Variables related to auxiliary
materials, including the amount of slagging agent (lime) and coolant (ore). The addition of
auxiliary materials absorbs heat, causing a temperature drop in the furnace and affecting
the oxidation reaction of carbon. Conversely, the reaction between lime and impurities such
as sulfur and phosphorus to form slag is exothermic, potentially increasing the furnace tem-
perature. The FeO content in the slag also influences the decarburization rate. Additionally,
the amount of lime affects the slag’s basicity, which in turn influences the phosphorus dis-
tribution ratio and removal efficiency. Thus, the careful management of auxiliary materials
is essential for optimizing both carbon and phosphorus removal. Additionally, TSC carbon
content can directly affect the final carbon content and temperature.

Among the variables mentioned above, variables related to oxygen supply, bottom
blowing, and auxiliary materials are sequential process parameters. The entire time series
is used for modeling to capture the dynamic changes in the smelting process. Therefore,
the above independent variables can comprehensively consider various factors such as
material balance, heat balance, chemical composition, and process control in the steelmak-
ing process, thereby more accurately predicting the final carbon content, temperature, and
phosphorus content.

According to the above metallurgical mechanism, each sample has 17 independent
variables and three dependent variables. The independent variables include 11 scalar
variables and six time series variables, and the dependent variables are all scalar variables,
as shown in Table 1. The dependent variables are detected by TSO (Temperature sampling
oxygen). Slagging agents include light-burned dolomite, activated lime, dolomite, and
fluorspar. Coolants include ores and sinter. It is worth mentioning that each heat has a
different blowing time. Therefore, the time series data is padded with −1 to the maximum
time length of the blowing process. After counting the time length of the process parame-
ters of 724 heats, it is determined that the maximum number of sampling points for the
parameters in the blowing process is 605. Therefore, the dimensions of the scalar data and
time series data of the independent variable and the scalar data of the dependent variable
are 724 × 11, 724 × 605 × 6, and 724 × 3. The data are normalized to the interval (0,1) to
eliminate the dimensional influence between process parameters. In addition, the data are
denormalized for production applications.
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Table 1. BOF steelmaking process parameters.

Symbols Data Type Variable Name Sampling Fre-
quency/Hz Min Max Mean

v1

Scalar

Steel scrap quantity/t / 24.48 64.94 44.41
v2 Molten iron quantity/t / 213.77 269.11 242.58
v3 Molten iron temperature/◦C / 1232 1407 1327.28
v4 C content in molten iron/wt% / 3.9 4.82 4.48
v5 Si content in molten iron/wt% / 0.08 0.65 0.35
v6 Mn content in molten iron/wt% / 0.08 0.20 0.13
v7 P content in molten iron/wt% / 0.06 0.15 0.10
v8 S content in molten iron/wt% / 0.001 0.015 0.004
v9 TSC C content/wt% / 0.07 0.855 0.42
v10 TSC temperature/◦C / 1541 1673 1609.22
v11 Target tapping temperature/◦C / 1620 1705 1675.92

v12

Time series

Lance height/cm 0.5 167 393 /
v13 O2 supply intensity/(m3 · t−1·min−1) 0.5 2.00 4.66 /
v14 O2 pressure/MPa 0.5 1.04 1.50 /
v15 Bottom gas supply intensity/(m3 · t−1·min−1) 0.5 0.002 0.104 /
v16 Amount of slagging agent/kg 0.5 0 20,530 /
v17 Amount of coolant/kg 0.5 0 8430 /

yC
Scalar

TSO C content/wt% / 0.02 0.07 0.05
yT TSO temperature/◦C / 1626 1714 1675.09
yP TSO P content/wt% / 0.006 0.030 0.016

A total of 80% of the 724 samples are randomly selected to construct the training set,
and the remaining 20% of samples are used to constitute the testing set. As a result, the
training set contains 580 samples. The testing set contains 144 samples.

4.2. Parameter Settings

The Adam optimizer is utilized to optimize parameters in the FDCAN model. Global
parameters [36] include the epoch, batchsize, learning rate (lr), and weight decay (wd).
The epoch represents the number of times the model is trained on the training data set. A
small epoch may prevent the model from fully learning the data characteristics, thereby
affecting the convergence and performance of the model. Conversely, an excessively large
epoch may lead the model to overfit and reduce its generalization ability on new data.
Typically, the epoch is set within the range of 200 to 400. The batchsize refers to the number
of samples included in each batch during the training process. Batch size has a significant
impact on gradient update. A reasonable batchsize can help the model converge stably.
The batchsize is generally set to a multiple of 32. The learning rate determines the step size
at each iteration while updating the parameters of the model based on the gradients of the
loss function. It influences the convergence speed and stability of the training process. A
learning rate that is too small may slow down convergence, while a learning rate that is too
large may cause instability or divergence. Generally, the learning rate is set within the range
of 0.001 to 0.01. The weight decay is a regularization technique that adds a penalty term
to the loss function proportional to the square of the magnitude of the weights. It helps
prevent overfitting by encouraging smaller weights. The weight decay effectively reduces
the complexity of the model, improving its generalization ability. Typically, weight decay is
set within the range of 1 × 10−6 to 1 × 10−4. After experimental tuning and verification, the
global parameters of the FDCAN model are set as epoch = 300, batchsize = 64, lr = 2× 10−3,
and wd = 5 × 10−4.

In addition to global parameters, the network structure parameters of the model [37]
play a key role in the prediction performance of the model. After experimental verification,
the crucial parameter of the FDCAN model is the channel number of the embedding mod-
ule. The embedding module is located at the front end of time series data feature extraction.
The purpose of embedding channel dimensions is to increase the feature dimension of the
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data, thereby helping the model capture more complex feature representations. If more
channels are embedded, the data will be mapped to a higher dimensional space, and the
model will have a larger number of parameters and higher computational complexity.
When the number of samples is small, a large number of channels may cause the model to
easily overfit. Thus, the number of channels directly affects the performance and general-
ization ability of the model. Grid search [38] and cross-validation [39] are used to select the
optimal number of channels to improve the accuracy of model predictions.

Prediction accuracy can be evaluated by mean relative prediction error (MRPE). MRPE
is usually used to measure the relative error between the predicted value and the real
value. First, the relative prediction error is calculated separately for each output variable
of each sample, and then the mean of the relative prediction errors of all output variables
is calculated to obtain the MRPE of the testing dataset. The equation of the MRPE is
as follows:

MRPE =
1

NteDy

Nte

∑
i=1

Dy

∑
j=1

∣∣yij − ŷij
∣∣∣∣yij

∣∣ × 100% (9)

where Nte represents the number of testing dataset samples, Dy represents the number
of end-point output variables, yij represents the real value of the j-th output variable of
the i-th sample, and ŷij represents the predicted value of the j-th output variable of the
i-th sample.

The channel number C is sequentially set to the power of 2 using the grid search
method, that is, 1, 2, 4, 8, 16, 32, and 64. The 5-fold cross-validation method is employed
to improve the robustness of parameter selection. The mean relative prediction errors of
the final carbon content, temperature, and phosphorus content of the testing datasets are
shown in Figure 7.
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It can be seen from Figure 7 that when the channel number of the embedding module
is C = 2, the final carbon content, temperature, and phosphorus content have the smallest
mean relative prediction errors. Therefore, it can be determined that C = 2 is the optimal
number of channels.

The network structure parameter settings of the FC module, Embed module, GC mod-
ule, and AMLP module of the FDCAN model are shown in Table 2. The parameters of full
connection mainly include the number of output features. The parameters of convolution
mainly include the number of output channels, the convolution kernel size (kernel_size),
the stride size, the padding size, and the number of groups in group convolution.
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Table 2. Parameter settings of the FDCAN model.

Network Name Shape of Input
Data

Number of
Output Features

Shape of Output
Data Parameters

FC module Linear1 (64,12) 64 (64,64) /

Embed module Conv1d (64×6,1,605) 2 (64×6,2,151)
kernel_size = 8

stride = 4
padding = (0,4)

GC module

Group Conv1d1 (64,6×2,151) 12 (64,6×2,151)
kernel_size = 1,

stride = 1,
groups = 6

Pointwise Conv1d1 (64,6×2,151) 12 (64,6×2,151) kernel_size = 1,
stride = 1

Group Conv1d2 (64,2×6,151) 12 (64,2×6,151)
kernel_size = 1,

stride = 1,
groups = 2

Pointwise Conv1d2 (64,2×6,151) 12 (64,2×6,151) kernel_size = 1,
stride = 1

Linear2 (64,6,302) 20 (64,6,20) /

AMLP module

Linear3 (64,70) 70 (64,70) /

Linear4 (64,70) 32 (64,32) /

Linear5 (64,32) 1 (64,1) /

Linear6 (64,70) 32 (64,32) /

Linear7 (64,32) 1 (64,1) /

Linear8 (64,70) 32 (64,32) /

Linear9 (64,32) 1 (64,1) /

4.3. Prediction Result

The FDCAN model is trained using the training dataset, and the trained model is
used on 144 samples of the testing dataset of the same steel type as the training set. The
comparison between the predicted and real values of the final carbon content, temperature,
and phosphorus content of the 144 samples in the testing dataset is shown in Figure 8.

As can be seen from Figure 8, the predicted value of the end-point carbon content
is closest to the real value compared with the end-point temperature and the end-point
phosphorus content. The above results show that the FDCAN model can effectively
capture the key features that affect the final carbon content, making the changes in carbon
content easier to identify and predict by the model relative to changes in temperature
and phosphorus content. Comparing the predicted values and the real values of the
final phosphorus content, it can be found that there is a large prediction error in the
range of 0.025 wt% to 0.03 wt% regarding the final phosphorus content. This is because
there are complex nonlinear correlations between different output variables in the multi-
output variable prediction model, which to a certain extent causes interference in the
feature representation learned by the model, thereby affecting the prediction accuracy of
phosphorus content.

The performance of different prediction models is verified using the same training
and testing data from BOF steelmaking. The ANN (Artificial neural network) [27], DCNN
(Deep convolutional neural network) [28], SD-DBN (Supervised dual-branch deep belief
network) [29], PCA-BP [30], MC-BP (Monotone-constrained BP) [32], and LSTM [33] models
are trained for comparison with the FDCAN model. The trained models are used to obtain
the predicted values of the end-point parameters for the testing dataset. Among the
above six comparison models, except for the SD-DBN model, which can predict the final
carbon content and temperature at the same time, the other five models are all multi-input
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single-output prediction models. The parameters of the six prediction models are tuned
using the cross-validation method, so the prediction results are obtained under optimal
conditions. The mean relative prediction errors of the final carbon content, temperature,
and phosphorus content of the above seven prediction models are listed in Table 3.
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Table 3. Comparison of the MRPE of different models.

No. Model MRPEC * MRPET * MRPEP * Remarks

1 FDCAN 13.99 0.57 15.78 Simultaneous prediction model of final carbon
content, temperature, and phosphorus content

2 ANN 18.24 / / Carbon content prediction model

3 DCNN / 0.51 / Temperature prediction model

4 SD-DBN 17.56 0.58 / Simultaneous prediction model of final carbon
content and temperature

5 PCA-BP / / 15.82 Phosphorus content prediction model

6 MC-BP / / 16.74 Phosphorus content prediction model

7 LSTM 17.44 / / Carbon content prediction model

* The mean relative prediction errors of the final carbon content, temperature, and phosphorus content are denoted
as MRPEC, MRPET, and MRPEP.
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As can be seen from Table 3, the mean relative prediction error between the predicted
value and the real value of the final carbon content is 13.99%. The mean relative prediction
error between the predicted value and the real value of the end-point temperature is 0.57%.
The mean relative prediction error between the predicted value and the real value of the final
phosphorus content is 15.78%. Compared with the other prediction models, the FDCAN
model has the smallest MRPE values for final carbon content and phosphorus content. The
results show that the FDCAN model can fully extract the coupling relationships between
variables, resulting in superior prediction performance for multiple output variables. While
other models, such as the ANN model, can also capture the nonlinearity of mixed data
through parameter optimization, the FDCAN model demonstrates higher accuracy. In
addition to capturing the nonlinear characteristics of mixed data, the FDCAN model
can also learn the temporal variability of time series data, which enhances its ability to
accurately predict the final properties of steel.

The final hit rate (HR) is a key property indicator in the BOF steelmaking process.
The thresholds are a ±0.015 wt% prediction error range for final carbon content, a ±15 ◦C
prediction error range for final temperature, and a ±0.005 wt% prediction error range for
final phosphorus content [30,40]. These thresholds are based on industry standards, which
indicate that for low-carbon, medium-phosphorus steel grades, such tolerance levels are
acceptable to ensure the properties of the final molten steel [25]. When the predicted values
of the final carbon content, temperature, and phosphorus content are within the above
threshold ranges, the properties of the final molten steel are considered to reach the target
requirements. The final hit rate can be evaluated by calculating the ratio of the number of
hits to the total number of samples. The end-point hit rate of the j-th variable of molten
steel is as follows:

hj =

Nte
∑

i=1
Aij

Nte
(10)

where Aij can be written as Aij =

{
1, i f

∣∣yij − ŷij
∣∣ ≤ threshold

0, f
∣∣yij − ŷij

∣∣ > threshold
. When the predicted value

of the j-th variable of the i-th sample is within the threshold range of the real value, it
indicates that the end point is hit and is recorded as 1; otherwise, it is recorded as 0.

For the 144 samples in the testing dataset, the prediction results of the six prediction
models for the final carbon content within the ±0.015 wt% error range, the final temperature
within the ±15 ◦C error range, and the final phosphorus content within the ±0.005 wt%
error range are shown in Figures 9–11.

It can be seen from Figures 9–11 that compared with other models, the results predicted
by the FDCAN model are closer to the real values. The scattered points predicted by the
FDCAN model are more concentrated and closely distributed between the center line and
the threshold range. In addition, other models can only obtain high prediction accuracy
on one or two output variables, and cannot achieve high prediction accuracy on three
output variables at the same time. For example, the SD-DBN model has a high hit rate in
predicting the final carbon content but a low hit rate in predicting the final temperature.
The above results show that the FDCAN model can maintain stable prediction performance
when multiple property indicators are coupled with each other. Therefore, the FDCAN
model has high robustness and helps provide a reference for final control in the actual
production process.

A total of seven prediction models, FDCAN, ANN, DCNN, SD-DBN, PCA-BP, MC-BP,
and LSTM, are employed in the BOF steelmaking process. The hit rates for the final carbon
content within the error range of ±0.015 wt%, the final temperature within the error range
of ±15 ◦C, and the final phosphorus content within the error range of ±0.005 wt%, as well
as the number of parameters of different models and the computation efficiency of the
training process and testing process, are listed in Table 4.
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Table 4. Comparison of the performance of different prediction models.

No. Model
Hit Rate of

[C]/%
Hit Rate of

[T]/%
Hit Rate of

[P]/%
Number of
Parameters

Computation Efficiency

Training/s Testing/ms

1 FDCAN 95.14 84.72 88.89 19,643 63.525 0.692
2 ANN 89.58 / / 24,897 127.402 0.894
3 DCNN / 85.42 / 54,081 455.379 1.850
4 SD-DBN 87.50 81.94 / 32,450 349.968 1.493
5 PCA-BP / / 86.81 25,025 66.059 0.751
6 MC-BP / / 88.19 30,465 79.163 0.743
7 LSTM 90.97 / / 28,135 56.303 0.634

Compared with the other six models in Table 4, the FDCAN model can predict three
end-point properties simultaneously. Specifically, the FDCAN model has the largest number
of samples, with final carbon and phosphorus contents falling within the target range. This
means that the final carbon content and phosphorus content predicted by the FDCAN
model have the highest final hit rates. The above results show that the FDCAN model
can accurately predict the final composition of the BOF steelmaking process, satisfying
the target requirements for the properties. In terms of the number of parameters and
computational efficiency, the FDCAN model stands out, with the fewest parameters and a
training time that is second only to the LSTM model. The FDCAN model needs to be trained
only once to simultaneously obtain the three final properties of molten steel. Additionally,
it achieves higher prediction accuracy for final carbon content compared to the LSTM
model. When predicting the final carbon content, phosphorus content, and temperature of
molten steel, training the LSTM model three times would consume more computational
resources. Other single-variable prediction models, such as the DCNN model, although
slightly more accurate in predicting final temperature, require 54,081 parameters and a
training time of 455.379 s, which is seven times longer than that of the FDCAN model.
Predicting all three final properties with the DCNN model would result in an enormous
parameter count and an even longer training time. Therefore, the significant advantage
of the FDCAN model lies in its ability to simultaneously predict multiple final properties
of molten steel with minimal parameters and high computational efficiency. The FDCAN
model consumes fewer memory resources, making it more suitable for deployment in
industrial environments. This efficiency aids on-site staff in promptly adjusting process
parameters, thereby providing robust support for production decisions.

The experiments are conducted on a personal computer with a Core i7-12700K,
2.10-GHz processor, Nvidia 3090 GPU, and 24 GB RAM. The operating system is a 64-bit
version of Linux Ubuntu. The program has been developed using PyCharm, and the
programming language is Python. In terms of the computational efficiency of the test
process, the final prediction time for the new sample is approximately 0.692 milliseconds.
The highest sampling frequency of data in the BOF steelmaking process is 0.5 Hz, that is,
the minimum sampling interval is 2 s, which is much longer than the testing process of the
FDCAN model. In conclusion, in terms of end-point hit rates and computational efficiency,
the proposed FDCAN model can meet the requirements for the accurate prediction of final
properties in BOF steelmaking. Moreover, the proposed FDCAN model is sufficient to keep
up with the real-time dynamic control of the process, which ensures that the digital twin
can effectively support dynamic control in BOF steelmaking.

5. Discussion

The proposed FDCAN model contains an embedding module, a group convolution
module, an attention mechanism, and multiple multi-layer perceptron modules in the
attention-augmented multi-layer perceptron module. Table 5 lists five sets of structural
ablation experiments to verify the effectiveness of the above structures through the hit
rate of final carbon content, temperature, and phosphorus content. It is worth mentioning
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that a fully connected layer is used to replace the removed modules to complete the shape
transformation of the data in the ablation experiment.

Table 5. Results of structural ablation experiments of the FDCAN model.

No. Structural Description Hit Rate of [C]/% Hit Rate of [T]/% Hit Rate of [P]/%

1 FDCAN model 95.14 84.72 88.89
2 Remove the Embed module 70.83 75.69 80.56
3 Remove the GC module 85.42 57.64 81.25
4 Remove the attention mechanism 81.94 75.69 85.42
5 Remove the MLP module 80.56 70.14 75.69

As can be seen from Table 5, all structures of the FDCAN model contribute to improv-
ing the prediction accuracy of final property indicators. The Embed module can embed
a new channel dimension in time series data and map the data to a high-dimensional
channel space. In addition, the one-dimensional convolution in the Embed module can
learn the relationship between different time points in the data, which is beneficial to
obtaining long-term dependencies in time series data. The GC module uses variable group
convolution and channel group convolution to extract local features in time series data from
the variable dimension and channel dimension, respectively. Convolution has the property
of translation invariance, allowing it to combine local features in time series to obtain more
comprehensive feature representation without being affected by the time dimension. This
property helps to capture complex patterns in time series data and improves the model’s
robustness. The attention mechanism in the AMLP module is used to assign greater weight
to important features extracted from scalar and time series data, which can reduce the
attention paid to redundant information. Moreover, the attention mechanism can also help
to selectively focus on key features, which not only improves the efficiency of the model in
extracting and utilizing key information in the data but also improves the performance of
the model. Multiple MLP modules can integrate multiple related but not identical tasks
into one model and share the representation of underlying features, which is beneficial
to improving data utilization efficiency and reducing the risk of model overfitting. In
addition, different MLP modules have different parameters, which can better adapt to the
characteristics of different dependent variables and help improve the generalization ability
of the model. In summary, the hierarchical feature learning structure of the FDCAN model
can extract features at different levels from the original data and realize feature interaction,
integration, and refinement, which helps capture crucial information in the data that is
beneficial to the final prediction. Removing any of the above structures will lead to poorer
prediction accuracy and lower hit rates. Therefore, the above results prove the effectiveness
of each module in the FDCAN model.

6. Conclusions

This paper proposes a multi-output prediction model for the final properties of steel
in the BOF steelmaking process based on the fusion of deep convolution and attention
mechanism networks (FDCAN). The FDCAN model utilizes an embedding module to
map time series data, such as lance height, oxygen supply intensity, and bottom air supply
intensity during the blowing process, into a high-dimensional feature space, capturing
long-term dependencies. In addition, the deep convolutional network extracts local features
of time series data across the channel, variable, and time dimensions, allowing the model
to handle complex sequence trends and maintain robustness with mixed input data.

The FDCAN model employs the attention mechanism to assign greater weight to key
features with significant importance. Multiple multi-layer perceptron modules share the
same underlying feature representation while adapting to the predictive characteristics of
different output variables, effectively decoupling complex nonlinear relationships among
them. Therefore, the FDCAN model can consider the correlation between input variables
(e.g., properties of raw materials and lance height), between input variables and output
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variables (e.g., bottom air supply intensity and final phosphorus content), and between
output variables (i.e., final carbon content, temperature, and phosphorus content), thereby
enhancing data guidance for end-point control in actual production.

Ablation experiments demonstrate that the embedding module, group convolution
module, and attention-augmented multi-layer perceptron module significantly improve
the model’s prediction performance. Compared to other prediction models, the FDCAN
model achieves the highest hit rate for simultaneous predictions: 95.14% for final carbon
content within ±0.015 wt%, 84.72% for final temperature within ±15 ◦C, and 88.89% for
final phosphorus content within ±0.005 wt%, confirming the method’s effectiveness.
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