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Abstract: The accurate control of the endpoint in converter
steelmaking is of great significance and value for energy
saving, emission reduction, and steel quality improvement.
The key to endpoint control lies in accurately predicting the
carbon content and temperature. Converter steelmaking is a
dynamic process with a large fluctuation of samples, and
traditional ensemble learning methods ignore the differ-
ences among the query samples and use all the sub-models
to predict. The different performances of each sub-model
lead to the performance degradation of ensemble learning.
To address this issue, we propose a soft sensor method
based on multi-cluster dynamic adaptive selection (MC-
DAS) ensemble learning for converter steelmaking endpoint
carbon content and temperature prediction. First, to ensure
the diversity of the ensemble learning base model, we pro-
pose a clustering algorithm with different data partition
characteristics to construct a pool of diverse base models.
Second, a model adaptive selection strategy is proposed,
which involves constructing diverse similarity regions for
individual query samples and assessing the model’s perfor-
mance in these regions to identify the most suitable model
and weight combination for each respective query sample.
Compared with the traditional ensemble learning method,
the simulation results of actual converter steelmaking pro-
cess data show that the prediction accuracy of carbon
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content within +0.02% error range reaches 92.8%, and tem-
perature within +10°C error range reaches 91.6%.
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1 Introduction

Converter steelmaking is a process that utilizes molten
iron, scrap steel, and ferroalloy as the primary raw mate-
rials. The process involves heating and removing carbon
through the physical and chemical reactions between the
molten steel and various raw materials in the molten pool.
The key aspect of this process is terminal control — ensuring
that the carbon content, the temperature of the molten steel,
and the content of various metal elements in the molten
pool meet the requirements for steel production at the
end of the oxygen-blowing stage. Therefore, achieving accu-
rate real-time measurement and control of carbon content
and temperature is crucial for improving the accuracy
of primary furnace pouring, reducing the consumption of
raw materials and energy, lowering production costs, and
enhancing product quality [1].

Currently, there are several detection methods for
measuring carbon content and temperature during con-
verter blowing. These methods can be categorized into
traditional sensor detection methods [2], spectral radiation
detection methods [3], and flame image processing and
identification detection methods [4], based on their mea-
surement principles. However, the traditional sensor detec-
tion methods lack continuity in terminal judgment, have
high equipment costs that are not conducive to large-scale
implementation, and exhibit high levels of subjectivity due
to operator experience. On the other hand, unfavorable
working conditions during converter steelmaking make it
challenging to obtain accurate spectral radiation and flame
image information, leading to significant prediction errors
caused by various interfering factors.
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In recent years, the soft sensor method has been com-
monly used to predict data that is difficult to measure in
actual industrial processes [5]. The soft sensor method
aims to tackle the issue of certain key variables being dif-
ficult to obtain in real-time due to harsh environmental
conditions and high costs. To overcome these challenges,
a mathematical relationship model is established using
associated auxiliary variables, which can be used to pre-
dict the key variables. Essentially, the soft sensor method
provides a means of estimating difficult-to-measure vari-
ables by relying on readily measurable parameters. Liu
et al. [6] proposed a maximum correntropy criterion-based
long-short-term-memory neural network to tackle the issue
of industrial process data containing noise and anomalies,
which can hinder the construction of accurate soft sensor
models. In addition, the superior reliability and practicality
of this method have been demonstrated through numerical
and industrial examples. Jia et al. [7] built a soft sensor
using a graph convolutional network by incorporating
the concept of the graph into process modeling. The aim
is to obtain localized spatial-temporal correlations that
help in understanding the complex interactions among
the variables included in the soft sensor. Aiming at the
problem that the difference of time series samples between
furnaces during steelmaking has a great influence on the
model prediction, Zeng and Liu [8] proposed a secondary
similarity measure instant learning soft sensing method,
which effectively improves the prediction accuracy (PA) of
the endpoint carbon content and temperature. At present,
the soft sensor methods of the prediction of endpoint
carbon content and temperature in converter steelmaking
include traditional machine learning methods, just-in-time
learning methods, and deep learning methods. Zhou et al.
[9] proposed a data-driven hybrid method combining cano-
nical correlation analysis and correlation analysis to pre-
dict and control the quality of molten iron in the blast
furnace iron-making process by using the nonlinear sub-
space identification method based on the least square
support vector machine. Liu and Zeng [10] established the
just-in-time learning soft sensor model by combining the
weighted grey correlation degree with the fuzzy C clustering
method, which improved the PA of the just-in-time learning
method for the endpoint of converter steelmaking. Yuan et al.
[11] proposed an adaptive soft sensor modeling approach that
combines the time difference model and local weighted par-
tial least squares algorithm to address the issue of global
models being inadequate in describing nonlinearity and
time-varying process data effectively within the time differ-
ence framework. Liu et al. [12] applied the stacked auto-enco-
ders to the problem of terminal prediction in steelmaking, and
the accuracy of model prediction is improved by reducing the

DE GRUYTER

feature dimension in an unsupervised way. Cui et al. [13]
proposed a mixed variational auto-encoder regression model,
which enhances the PA of traditional VAE-based soft sensor
modeling for complex multimodal industrial processes. How-
ever, during actual converter steelmaking production, the
long-term use of sensors and varying qualities of raw mate-
rials often cause industrial process data to be nonlinear and
highly volatile. This poses a significant challenge for tradi-
tional single machine learning models to accurately capture
the fluctuations in data, which greatly affects the accuracy of
endpoint carbon content and temperature predictions.

Considering the above factors, many researchers pro-
pose using the ensemble learning method to combine sev-
eral single models to improve the PA and robustness of the
model. Zhang et al. [14] proposed an ensemble model tree
method to predict the hot metal temperature of the blast
furnace, which proves that the ensemble model has better
accuracy and robustness than a single model. Lv et al. [15]
pruned the bagging ensemble model by negative correla-
tion learning which improved the accuracy and efficiency
of predicting molten steel temperature. Liu et al. [16] pro-
posed a probability-weighted ensemble learning modeling
algorithm based on the root mean squared error to predict
the quality of molten iron in the blast furnace. Xiong et al.
[17] proposed an improved local nearest neighbor peak
density clustering weighted ensemble learning soft sensor
method, which integrates with the grey relational degree
weighted method to improve the PA of endpoint carbon
content and temperature. Ahmad and Zhang [18] proposed
the use of Bayesian selective combination to combine mul-
tiple models, which effectively improves the long-range PA
in nonlinear process modeling. They also proposed the use
of data fusion techniques to combine multiple neural net-
works and the combination weights change with the model
input data, which can significantly improve model general-
ization especially in long range predictions [19]. These
methods all contain the idea of ensemble learning. As the
actual industrial process of converter steelmaking produc-
tion is a closed dynamic process, the collected industrial
process data also exhibit volatility. This volatility presents a
challenge for traditional ensemble learning models, which
are typically static and may not be able to accurately predict
all query samples. Additionally, as the performance of sub-
models can differ significantly, using all sub-models to pre-
dict every sample can result in an overall ensemble learning
method that is unable to accurately predict the production
process data.

Based on the above analysis, this study proposes a soft
sensor method based on multi-cluster (MC) dynamic adap-
tive selection (MC-DAS) ensemble learning to predict carbon
content and temperature at the endpoint of converter
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steelmaking. First, a variety of different clustering algo-
rithms are used to cluster the training data, measuring the
internal information of the data from different aspects, and
forming different sample subsets. Second, a model adaptive
selection strategy is proposed, through which a different
number of base models are selected adaptively for each
query sample as sub-models for subsequent integration.
Finally, the local similarity measure was used to obtain
the corresponding weight of each selected model. And the
prediction results of the endpoint carbon content and tem-
perature of the query sample by the weighted integration
fusion were output. The simulation results of the process
data of converter steelmaking show that the proposed
method can effectively improve the PA of the endpoint
carbon content and temperature.

2 Soft sensor method for endpoint
carbon content and temperature
based on MC-DAS ensemble
learning

As converter steelmaking production involves extremely
complex physical and chemical reactions and the raw
materials added may vary significantly, the production pro-
cess data can also differ greatly, with each feature having
different dimensions of quantity. To eliminate the impact of
dimension of quantity on subsequent experiments, the ori-
ginal data are first standardized after obtaining the actual
industrial process data. The resulting dataset is denoted as
D ={(x,%)i=123..,n} (xy) € F"*, x;, € Fly. € F,

where x; represents the input characteristics of the entire
dataset of converter steelmaking production process data,
represents the carbon content or temperature of the end-
point output, n is the total number of samples in the dataset,
and h is the dimension of the input feature. By standardizing
the raw data, the impact of dimensionality between data is
removed, ensuring that subsequent experiments can be
performed more accurately and effectively. This approach is
crucial for achieving precise predictions of endpoint carbon
content and temperature in converter steelmaking production.

2.1 Sample distribution of MC algorithm

One of the important factors affecting ensemble learning
performance is the performance of a single model and the
diversity among models. To achieve diverse base models,
the input data of the base model are often modified to
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obtain different base models. Commonly used methods
include bootstrap random distribution, random subspace
algorithm, and others. In this study, due to the high vola-
tility of converter steelmaking production process data and
the tightness between samples, the similarity between data
is measured through clustering methods. Samples with the
same degree of similarity are classified into one class, and
various clustering algorithms are used to measure the
characteristics of data sample sets from different perspec-
tives to generate different sample subsets. This approach
ensures the diversity of the base model. Therefore, the
study uses four different clustering methods to generate
sample subsets, including:

(1) The self-organizing map (SOM) algorithm is a type of
unsupervised learning algorithm that combines clus-
tering and high-dimensional visualization. It is a type
of neural network that simulates the human brain,
where different regions of nerve cells have distinct char-
acteristics that enable the clustering of data. The clus-
tering effect of production process data D’ is achieved in
a specific manner by identifying the winning neurons s
in the corresponding output layer and updating the
weights of these neurons.

s= argmcinll(xi,yi) - Wi, ()]

where c represents the current neuron, W; denotes the
weight vector, and ¢ stands for the learning rate, ||||
represents a certain similarity measurement method.
In the context of converter steel production process
data, the SOM algorithm can map the clustering center
of this complex data D’ to a surface or plane using neural
network techniques, while preserving the topology of the
data. This allows for a better understanding and analysis
of the data by converting high-dimensional data into a
lower-dimensional representation.

(2) The fuzzy C-means (FCM) algorithm is a combination of
fuzzy theory and clustering algorithms that produces
more flexible clustering results. In the actual industrial
process of converter steelmaking production, the sam-
ples in the dataset D' cannot be clearly divided into
specific types of clusters. If forced to assign them to a
specific cluster, the results may appear blunt or even
incorrect. To address this issue, the FCM algorithm
assigns weights to each data sample D', indicating the
degree to which the sample belongs to the cluster. That
is, the clustering centers are obtained by minimizing
the following objective function:

n C
Jo =2 2ul ley) - gl 1sm<w, ()
i=1j=1
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where m represents the number of clusters, n stands
for the number of samples, and C denotes the number
of cluster centers, and u; indicates the degree of mem-
bership of the sample x; to the cluster center ¢;, which
reflects a similarity measure of the data. This allows for
better representation of data samples that do not easily
fit into a single cluster and improves the accuracy of
the clustering results.

(3) The spectral clustering (SPC) algorithm is a clustering
algorithm that applies knowledge from graph theory. It
regards all samples in the dataset D" as distinct points
in space and connects these points with edges to form a
graph. The graph is then cut in a way that minimizes
the weight value of edges between different sub-graphs
and maximizes the weight value of edges within the
same sub-graphs, thereby achieving the purpose of
clustering. In the context of converter steelmaking pro-
duction process data, the SPC algorithm uses graph
theory to measure the internal information of the
data D', without needing to consider its specific struc-
ture. The algorithm only needs to consider the
similarity matrix of the data and can achieve better
clustering results as a result.

(4) The Gaussian mixture model (GMM) clustering algo-
rithm is a probability-based clustering algorithm that
describes the distribution of production process data D'
using multiple Gaussian distribution models. The algo-
rithm judges the probability of each sample in the
dataset D' according to each Gaussian distribution
and constantly updates until the model converges.

p(z; = D*p((x;, y)lz; = )
p((%, 7))

Vi = Pz = 1l(x, 3,)) =

4
o ap(0G, )1y Zi) @

Zﬁlal*p((xj?))]‘ )|;uls Zl) ’

where yjyi(i =1,2,3,...,k) denotes the probability of the i-th
Gaussian distribution for the j-th sample, while z; repre-
sents the random variable corresponding to a selected dis-
tribution such that z; € {1, 2, 3,...,k}. The data samples are
then divided into the distribution with the largest prob-
ability, achieving the effect of data clustering. In other
words, the GMM clustering algorithm models the data
using multiple Gaussian distribution models, allowing for
flexible and accurate clustering of complex datasets, such
as those encountered in converter steelmaking production
processes. The algorithm considers the probability of each
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sample belonging to different distributions, thereby accounting
for the uncertainties inherent in such complex datasets. By
iteratively refining these probabilities, the GMM algorithm pro-
duces accurate and useful clustering results that reflect the
underlying patterns and behaviors of the datasets.

In the data of the converter steelmaking process, there
may not be a real label indicating which cluster a sample
belongs to. As a result, the clustering results are evaluated
by calculating the intra-class sample closeness or inter-
class sample estrangement. This internal evaluation index
is often referred to as the silhouette coefficient (SC), which
determines the specific number of clusters for each clus-
tering algorithm.

2.2 Construction of endpoint carbon content
and temperature model based on
gradient boosting decision tree (GBDT)

Assume the given dataset D, = {(x;,¥);i =1,2,3,...nn},
(X, y) € F*1, x; € Fh,y. € F, where F represents the
entire dataset, x; represents the input dataset of the model,
Y, represents the carbon content or temperature of the
endpoint output, n, is the number of samples in each
cluster, and h is the dimension of the input feature.

The GBDT is a popular base model used in the ensemble
learning framework for predicting the carbon content and
temperature at the endpoint of converter steelmaking. It is
an improvement over the boosting decision tree algorithm
and uses the approximate method of gradient descent. In
GBDT, the negative gradient of the loss function in the cur-
rent model is used as the approximate value of residuals of
the boosting tree algorithm in the regression problem. This
allows the algorithm to fit a regression tree that can better
handle the carbon content and temperature prediction pro-
blem in converter steelmaking. The decision trees used in
GBDT are classification and regression trees (CART), which
are established based on the previous tree in an iterative
manner, resulting in a powerful ensemble learning model.
Compared to other regression models, GBDT requires rela-
tively less parameter adjustment time while still achieving high
accuracy in predicting the endpoint parameters. Additionally,
GBDT is robust to outliers, which is important given the
complex and dynamic nature of the converter steel-
making production process. Overall, the GBDT algorithm
is an effective base model for the ensemble learning
framework used in converter steelmaking, allowing for
accurate and efficient prediction of important endpoint
parameters.
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The process of building a GBDT base model starts with
creating a subset of samples from the original data set D’,
which is formed through multiple clustering. This subset,
denoted as Dy, is then used to initialize the GBDT model.

N
Fo(x, w) = argmin ZL(yi, 0), (5)
¢ =1

where F represents the GBDT model, F is the initial state

of the model, N is the number of training samples, y; is the

initialized true value, c is the predicted value of initializa-
tion, L(;, ¢) is the loss function of the model, and we want
to find a minimum ¢ to minimize the error of all samples.

The loss function commonly used in the GBDT regression

algorithm is the least squares regression.

Once the initialization is complete using the subset of
clustered data, the GBDT algorithm proceeds to build m
classification regression trees, where m = 1, 2, 3,..., M. The
building process involves performing the following cir-
cular steps in turn:

(1) The first step in building a GBDT model is to calculate
the response value of the m - th tree for each training
sample in the subset D,,. For a given tree m and sample
i (wherei = 1,2, 3,..., n,) in the dataset D, the response
value can be calculated as follows:

OL(y;, F(xp)
OF(x)

(6)

mi =

F(X)=En-1(x)

(2) After calculating the response values for the m-th tree,
the next step in the GBDT algorithm is to use the CART
method to fit the residual of the current ensemble
model to obtain the m-th regression tree. Once the
regression tree is built using CART, the corresponding
leaf node is Ry ;, where m represents the m-th tree, j
(wherej =1, 2, 3,...,J) is the number of leaf nodes of the
tree. And the best fitting value for each leaf node is
calculated:

Cm,j = argmin Z L(y;, Fn-106) + ©). 7
€ X€Rm

(3) After building the m-th regression tree and calculating
the best-fitting values for each leaf node, the GBDT
algorithm updates the model and uses m trees for pre-
diction in the next iteration.

J
E.(xX) = Bpi() + 8 Zcm,jI (X€Rm,)), ®
i=1
where § is the learning rate, which is used to control the
promotion degree of each boosting tree to the GBDT model.
Therefore, the GBDT model expression of the final M
classification regression tree is
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M ]
Fu(x) = Fo0O) + 8 ) ) CnjI(xERp ), ©)
m=1i=1
where the former £ represents the accumulation of M
boosting trees, and the latter £ is the summation of the
best-fitting values of all leaf nodes of each boosting tree.
That is, to obtain the final GBDT regression model, the
initial regression Fy(x) is taken, to add up the best-fitting
values of all M tree leaf nodes continuously. So, the GBDT
model establishment process is adding a new CART regres-
sion tree aimed at the sample subset D,, to fit the residual
between the predicted values ¢ and the true value y; of all
the previous trees, whose predicted result is the sum of the
predicted values of all the established trees.

2.3 Dynamic adaptive selection and fusion
strategy of endpoint carbon content and
temperature prediction sub-mode

The process of establishing each sub-model in GBDT involves
constructing a hypothesis space based on the production pro-
cess data of converter steelmaking. This hypothesis space
represents a set of possible relationships between the pre-
dictor variables and target variables in the data. Once the
hypothesis space is established, the parameters of each sub-
model are optimized using the information contained in each
sample subset. This optimization process involves finding the
model spatial parameters that best match the sample subset
corresponding to each model.

The principle of the method in this section is shown in
Figure 1.

Another factor contributing to the improvement of
ensemble learning performance is the integration and fusion
strategy of the base model. However, not all base models in
the pool would be suitable for all query samples, and it is
necessary to choose the most appropriate model for each
query sample to achieve optimal results. Therefore, diverse
base models are built based on various clustering approaches
to generate different subsets of training samples, and a base
model pool M, M = My, My, Ms,..., M, (Where m represents
the number of base models in the base model pool) is formed.
To select the best sub-model corresponding to each query
sample and carry out weighted fusion, this study adopts a
strategy of dynamic selection and weighted fusion. First, for a
new query sample x,, a similar sample region is found in the
total training sample set x, by the standardized Euclidean
distance. Then, the performance of each base model in the
pool is evaluated in this similar region, and a certain number
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Figure 1: Dynamic adaptive selection and fusion strategy.

of models are selected adaptively according to the query
sample.

The specific methods are as follows: The evaluation
index of each base model is based on its accuracy within
a similar region that corresponds to the query sample.
Specifically, the accuracy of each model is ranked from
largest to smallest, and if the sum of the PA of the top
a(a € m) models is greater than the set threshold value,
then the top a models are selected as the sub-model
involved in subsequent integration and fusion. The for-
mula for model selection (MS) is shown in equation (10).
This formula takes into account the PA of each model, the
number of selected models, and the threshold value in the
selection process.

1, accu(My) + accu(Mp) + ... +accu(M,)
M, = > threshold 0
0, accu(My) + accu(My) + ... +accu(My,)
< threshold

where accu(M) is the PA of the base model within the base
model pool in the similar region, M, indicates whether the
top a base models in the base model pools are selected as a
sub-model for subsequent ensemble learning, and if so, it
indicates the sum of PA of the top a models and is recorded
as 1if it is greater than the threshold value, if not, 0.

This method measures the prediction ability of the model
by obtaining different similar regions for each query sample
Xq. By adaptively selecting the number of models, better pre-
diction results can be achieved, which improves the overall
prediction performance of the ensemble learning framework
for endpoint carbon content and temperature in converter
steelmaking. This approach is more consistent with the actual
dynamic process of industrial operation. For a given query
sample x,, the output of the endpoint carbon content and
temperature prediction on the GBDT base model is

Yorea = FaXg, 0), (1

where E,(*) represents the functional relationship of the
sub-model, and w is the parameter of the model.

After the selection process, the base models that are retained
are denoted as Myey (Where Myew = [My, Ms,...,Ma], a € [1, m]),
and the corresponding sample subset of data iS Dyew
(where  Dnew = {0, Y1) 6 Y i JoeeesXais Yy )h@ € [1, m], 1 =
1,2,3,..., ny). For a given query sample x,, the distance to the
samples in each sample subset is measured using the standard
Euclidean distance (SED).

SED = | Z (uV[Xl])

where u and v represent two n-dimensional feature vectors in
converter steelmaking data, V is the variance of the two

(12)
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feature vectors. If the reciprocal of this variance is regarded as
a weight, then this formula can be regarded as a weighted
Euclidean distance.

Based on these distances, the mean value is then cal-
culated to represent the similarity between the query
sample and the corresponding subset of samples. This
mean value is used as the corresponding weight w;, of
each base model Ma.

1"SED(Xg, (Xa,i> Yy, 1))
nNm ’

(13)

Wy = SED(xy, Dyew) =

where SED(Xy, Dpew) represents the SED between the query
sample and the sample subset.

The final predicted output for the endpoint carbon
content and temperature, obtained by weighted fusion
for all query samples x,, is expressed as follows:

_ 1 W Wy
Yprediction = z—%ypre,l + Z—Waypre’z ot Z—Waypre,a- (14)

Although the SED is the same in this article, the two
places of V used in this method are equivalent to mea-
suring the similarity between the query sample and the
global sample D’, as well as the local sample D,,, respec-
tively. In the process of dynamic prediction of query sam-
ples in this method, the information of the global sample
and the local sample is also taken into account. The pseudo-
code of the algorithm proposed in this section is as follows:

Algorithm: Dynamic adaptive selection and fusion
strategy

Input: historical data D’, sample subset D;,, base model
pool M, query sample x,

Output: the prediction results of endpoint carbon content
and temperature of each query sample Yyregiction

1: for i=1to ndo:

n (-2
=1 v[x]

2:SED « /2
3: end for

4: Get x, with D’ global similarity GlobalSED

5: Sort GlobalSED from smallest to largest, taking the first
1,500 as similar region S

6:for M=1tomdo

Ne
7: accus(M) « Z‘%IPES
8: end for
9: Get the PA accug(M) of the base model pool M on S
10: Sort accug(M) from largest to smallest
1, accu(My) + accu(My) + ... +accu(M,) = threshold

Mo =1 accu(My) + accu(My) + ... +accu(M,) < threshold
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12: After obtaining the a selected models, then get its
prediction results to Xq Ypre o < Fa(Xg, @)

13: Dy —Choose the sample subset corresponding to the
selected model M, from D,

14: for i = 1 to n,, do:

Xq - i)
15: SED « 31, 5
16: end for
17: Get x4 with Dy, Local similarity LocalSED
18: Obtain the corresponding model

™ LocalSED
n

weight wy, <

19: Output the prediction results of x,

«— & + & + +
Twoprel © Twdpre2 T

Wq
Yprediction 5 Wnypre,u

3 Soft sensor modeling of endpoint
carbon content and temperature
based on MC-DAS ensemble
learning for basic oxygen furnace
(BOF) process data

The production process of converter steelmaking involves
large fluctuations in data, and a global single model is
limited in its ability to effectively predict the production
process data. Additionally, due to the closed and dynamic
nature of the converter steelmaking process, traditional
ensemble learning methods cannot effectively adjust for
actual dynamic conditions, as they use the same base
model to predict all samples. To address these issues and
make predictions more consistent with the actual dynamic
industrial process, a new method based on MC dynamic
adaptive selection ensemble learning has been proposed
for predicting the process data of converter steelmaking.
This method improves PA by dynamically selecting a group
of appropriate models to make predictions and adaptively
adjust the weights of each model to enhance the overall
prediction performance.

The following steps outline the endpoint carbon con-
tent and temperature soft sensor model based on MC-DAS
ensemble learning, with the assumption that the collected
production process data sample set after standardiza-
tion is represented as D’ = {(x;, y;);i = 1,2, 3,..,n}, where
(x;,);) € F*1 x; € F'y. € F. Here x; represents the input
features of the entire dataset of converter steelmaking pro-
duction process data, y; represents the carbon content or
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Figure 2: Soft sensor modeling flow chart of converter steelmaking process data endpoint carbon content and temperature based on MC-DAS

ensemble learning.

temperature of the endpoint output, n is the total number
of samples in the dataset, and h is the dimension of the
input feature.

Step 1: In order to prepare the dataset for the experiment,
the following operations are performed on the dataset D’:
cleaning, feature selection, and other relevant operations.
The resulting sample dataset is then divided into two parts:
training data D{ and test data D;;

Step 2: In the offline modeling section, the dataset Dy is
clustered using four different clustering algorithms: SOM,
FCM, SPC, and GMM. These algorithms help to capture
different aspects of the dataset and form various sample
subsets Dy;

Step 3: After obtaining the different sample subsets D;,
through clustering, the next step is to use these subsets to
build a GBDT base model for each subset. The resulting
base models form a diverse base model pool M, where
M = My, My, M,..., Mp,, and m represents the number of
base models in the base model pool;

Step 4: In the online prediction section, for the query sam-
ples x; of the test data Dy, use formula (15) to get some similar
samples from D{ which is similar to x, as similar region S;

GlobalSM = SED(xg4, D). (15)
Step 5: To evaluate the performance of the base models in

the base model pool M, the MC-DAS ensemble learning model
selects a(a € m) base models adaptively as sub-models for

subsequent integration based on the query sample x, and
the similar region S to which it belongs;

Step 6: According to the one-to-one correspondence
between the selected model and the sample subset, mea-
sure the similarity between the query sample and the
selected subset through the local similarity measure as
the weight of the corresponding model wy;

Step 7: According to the selected model and its weight,
obtain the prediction results of carbon content and tem-
perature of the query sample x, by weighting fusion;

Step 8: Repeat Steps 4-7 to simulate the actual dynamic
condition of converter steelmaking and obtain the predic-
tion results of the endpoint carbon content and tempera-
ture of test data D.

The soft sensor modeling process of endpoint carbon con-
tent and temperature of converter steelmaking process data
based on MC-DAS ensemble learning is shown in Figure 2.

4 Experimental results and
discussion

4.1 Experimental data and platform

This article uses Python for simulation experiments. The
experimental data in this study are from the actual
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production process data of converter steelmaking in steel
mills. In the process of converter steelmaking, accurate
prediction of carbon content and temperature at the end-
point of steelmaking is the key to the control technology of
the endpoint. In the converter steel production process
data obtained by the sensor, there are metal materials
and loading amounts, such as loaded iron water, loaded
pig iron, loaded scrap metal materials, etc., as well as non-
metallic materials and loading amounts, including silicon
manganese amount, slag dose, etc. Additionally, oxygen
blowing time, average oxygen pressure, average oxygen
pressure position, and gun position are also recorded,
resulting in a total of 126-dimensional features. To establish
the soft sensor model, a feature selection method was used
to select six key features that affect the carbon content and
temperature during tapping from the 126-dimensional fea-
ture data. These six selected features were used as aux-
iliary variables in the soft sensor modeling process, with
the endpoint carbon content and temperature serving as
the dominant variables. Table 1 shows the main variables
and auxiliary variables selected for soft sensor modeling.

In this study, based on the abovementioned 6 dimen-
sional features, 5,500 samples were collected from the actual
industrial process of converter steelmaking, of which 5,000
samples were used randomly for training and 500 samples
were used randomly for testing.

To evaluate the predictive performance of different
model approaches, this study uses PA, root mean square
error (RMSE), and mean absolute percentage error (MAPE).
PA measures the accuracy of the prediction, with higher
values indicating greater accuracy. RMSE measures the
deviation between the predicted values and the actual
values, with lower values indicating better performance.
MAPE measures the percentage of error in the prediction,
with lower values indicating better performance. The for-
mulas for these evaluation metrics are as follows:

1 & ,
RMSE = \/ EZ@test,i _yprediction,i)z’ 1=12..,N, (16)
1

Table 1: Main variables and auxiliary variables of soft sensor modeling

Soft sensor method for endpoint carbon content and temperature of BOF

MAPE = i% Yeesti ~ Vprediction,i % 100%,
N Vrest. 17
i=12..,N,

PE, = |1’ [ytest,i _yprediction,i| <Th i=12..N, (8

b
0’ lytest,i - yprediction,il >Th
N,
244 PE;

PA=——,
N;

(19)

where N; represents the number of query samples, V.
represents the query samples, Y ogiction F€presents the pre-
dicted value of the query sample, PE indicates whether the
predicted accuracy of the endpoint carbon content and
temperature is within the error range (Th), and if so, it
indicates a hit and is recorded as 1, if not, 0. The prediction
error range of carbon content is Th = 0.02%, and the pre-
diction error range of temperature is Th = 10°C. The final
PA is a measure of the proportion of the total query sample
in the number of hits within the error range.

4.2 Comparison and analysis of the
performance of this method

Based on the modeling flow described in Section 3, a soft
sensor model was developed to predict the endpoint carbon
content and temperature of BOF steelmaking for simulation
experiments. In this section, the feasibility and innovation of
this method are evaluated through a series of independent
experiments.

4.2.1 Influence of the size of the similar region and the
threshold of MS on the experiment

In this method, the performance of the model is evaluated
using a similar region to determine the selection process
for subsequent models. The threshold value for MS also

Main variables Auxiliary variables

Main variables Auxiliary variables

Endpoint carbon content
of molten steel (%)

Oxygen pressure 31

Time of mixing iron

End of iron infusion to oxygen time
Temperature of molten iron

Start mixing iron with tapping time
Loading scrap quantity

Endpoint temperature of
molten steel (°C)

Amount of pig iron loaded
Molten iron P

Gun position 22

Oxygen pressure 29
Oxygen pressure 11

Gun position 16
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Figure 3: The effect of similar region size and MS threshold on (a) carbon content and (b) temperature accuracy.

determines the number of remaining models after selec-
tion and has a significant impact on the final experimental
results. This section aims to determine the optimal PA and
minimum RMSE by varying the size of the similar region
and the threshold for MS. The size of the similar region varied
from 500 to 2,500 with step intervals of 500, resulting in a total
of five variables. The threshold for MS varied from 0.4 to 0.8,
also resulting in a total of five variables. Figure 3 shows the
effect of these variables on the PA of the whole algorithm
framework. The figure shows that the optimal prediction
accuracy and minimum RMSE were achieved when the end-
point carbon content and temperature prediction index were
set to 1,500 in the similar region size and 0.6 in the MS
threshold.

4.2.2 Determination of the number of clusters by
multiple clustering methods

To obtain a diverse sample subset, this method determines
the sample subset using several clustering algorithms based
on their internal evaluation index — SC. The SC measures
whether the current sample point is close enough to other
sample points of the current class and far enough from the
nearest other class, to obtain the SC of the sample for the
dataset D'. For the sample subset generated by the dataset
D), the SC of the subset is obtained using the mean value. Its
range is between -1 and 1; the closer the samples in the same
class, the farther the samples in different classes, the higher
the score, the better the clustering result. The formula is as
follows:

b-a

B max(a, b)’ (20)

where a represents the average distance between the
sample and all other points in the same cluster, and b
represents the average distance between the sample and
all other points in the next closest cluster. The larger the SC s,
the closer the samples belonging to the same class are and the
farther the samples belonging to different classes are.

In the experiment, the contour coefficients for the
number of clusters were calculated in the interval [2,9]
with a step size of 1, and the final clustering number of
each corresponding clustering algorithm was determined
accordingly. Figures 4 and 5 show the results of using SOM,
FCM, SPC, and GMM to evaluate the changes in indexes
under different numbers of clusters. The SCs of the four
clustering algorithms were found to be the best when the
number of clusters is 3, 2, 3, and 4, respectively, for pre-
dicting the endpoint carbon content. For temperature pre-
diction, the SCs of the four clustering algorithms were
found to be the best when the number of clusters is 2, 2,
4, and 2, respectively. In addition, the corresponding clus-
tering algorithms with the best clustering effect were
identified.

4.2.3 Effects of different parts in this method

This section aims to validate the advantages of the MC
algorithm in obtaining different subsets of samples by com-
paring it with the bootstrap random distribution method for
partitioning data. In addition, the framework of dynamic
adaptive selection ensemble learning consists of two struc-
tures: MS and Weight Fusion (WF). Thus, we compare the
different structures of Bootstrap random distribution and
MC data distribution to verify the advantages and effective-
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Figure 4: The determination of cluster number of carbon content under different clustering methods: (a) SOM SC, (b) FCM SC, (c) SPC SC, and
(d) GMM SC.

ness of the dynamic adaptive selection ensemble learning
framework. Figures 6 and 7 present the prediction results
of carbon content and temperature, respectively. Table 2 pro-
vides the prediction performance evaluation indexes of carbon
content and temperature for different structure combinations
in the framework of dynamic adaptive selection ensemble
learning. According to the analysis of Table 2 and Figures 6
and 7, it can be seen that:

)]

(A

Compared with the traditional bootstrap random dis-
tribution, the PA of carbon content and temperature is
improved by 8.6 and 13% respectively, and RMSE and
MAPE are also reduced.

Further, it also shows that when the data distribution
method is bootstrap random distribution, due to the
randomness of data distribution, the PAs of the end-
point carbon content and temperature of the overall
ensemble learning model are changing, and the PAs of
the endpoint carbon content and temperature are not
stable enough. When the data distribution method is a
variety of clustering methods, it measures the internal
information of the data from different angles and forms
a diverse sub-model, which is better than the sub-model

3

@

obtained by randomly distributing the data. It is fully ver-
ified that a good data distribution method helps to improve
the prediction performance of ensemble learning as a
whole.

Regardless of whether the current data distribution
method is bootstrap random distribution or MC data
distribution, the ensemble learning framework combined
with MS has a significant improvement in the PA of
carbon content and temperature compared with the
simple weighted fusion strategy. It shows that by selecting
some models with better performance related to the cur-
rent query sample as sub-models for subsequent integra-
tion, the PA of the ensemble learning as a whole can be
improved, and the superiority and necessity of the MS
strategy are verified.

After combining the operation of dynamic adaptive
selection and weighted fusion, compared with the single
MS strategy and the single weighted fusion strategy, the
fused overall has a certain improvement in carbon content
and temperature prediction, which verifies the superiority
of the current method and is more in line with the actual
dynamic industrial process.
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Figure 5: The determination of the cluster number of temperature under different clustering methods: (a) SOM SC, (b) FCM SC, (c) SPC SC, and
(d) GMM SC.
Prediction accuracy: 81.60% Prediction accuracy: 79.20% Prediction accuracy: 84.20%
0.20 True value = True value True value
018 Predictive value 0.18 Predictive value 0.16 Predictive value
0.16 [ I
L 016 . 0.14
2o gon g
s £ £0.12
c 012 o012 8
5 c
< 2 g0
5010 so0 g
0.08 0.08 4 0.08
0. 06 0.06 0.06
0 100 200 300 400 500 100 200 300 400 500 0 100 200 300 400 500
Sample No Sample No Sample No
(a) (b) (©)
Prediction accuracy: 87.8% Prediction accuracy: 79.60%
0.18 Troe value 0.16 {- True value 0.18 - True value
Predictive value Predictive value Predictive value
0.16 014 0.16
£o.14 H o014
t 2012 £
So.12 ° 8o
2 §0.10 K
50.10 5 5010
0.08 0084 0.08
0.06 1 0.06 1 0.06
0 100 200 300 400 500 100 200 300 400 500 0 100 200 300 400 500
Sample No Sample No Sample No
(@ © ®

Figure 6: Performance comparison prediction results of this method under carbon content (Th = 0.02%). (a) Bootstrap + MS carbon content prediction
results, (b) Bootstrap + WF carbon content prediction results, (c) Bootstrap + DAS carbon content prediction results, (d) MC + MS carbon content
prediction results, (e) MC + WF carbon content prediction results, and (f) MC-DAS carbon content prediction results.
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Figure 7: Performance comparison prediction results of this method at temperature (Th = 10°C). (a) Bootstrap + MS temperature prediction results, (b)

Bootstrap + WF temperature prediction results, (c) Bootstrap + DAS tempe

rature prediction results, (d) MC + MS temperature prediction results, (€) MC

+ WF temperature prediction results, and (f) MC-DAS temperature prediction results.

4.3 Comparison and analysis with other
ensemble learning methods

This section aims to compare the proposed dynamic
ensemble learning method with many traditional ensemble
learning methods to demonstrate its robustness and applic-
ability. The comparison methods include GBDT global single
model, eX-treme Gradient Boosting (XGBoost), Light Gradient
Boosting Machine (LightGBM), Random Forest (RF), Bagging,
and Adaboost. To verify the advantages of the framework of
dynamic ensemble learning, we compare the static model
(MC data distribution and Simple Average (SA) ensemble
strategy) with the dynamic model of ensemble learning.
Figures 8 and 9 present the prediction results of carbon
content and temperature under different ensemble learning
algorithms, respectively. Table 3 shows the performance eva-
luation indexes of different algorithms for predicting carbon
content and temperature. From the analysis of Table 3 and
Figures 8 and 9, it can be seen that
(1) Compared with the traditional ensemble learning method,
the proposed method has better performance in the indus-
trial process data of carbon content and temperature pre-
diction at the end of converter steelmaking. The method in
this chapter can generate a subset of samples with diver-
sity through a variety of clustering methods and then
construct a sub-model with diversity, so as to ensure the
generalization ability of the ensemble learning model, and
improve the robustness and PA of the model.

(2) Compared with the static ensemble learning model
based on multi-clustering combined with average ensemble
for the prediction of carbon content and temperature at
the endpoint of converter steelmaking, dynamic ensemble
learning can be more in line with the actual industrial
operation conditions, and then obtain more accurate pre-
diction results.

In the process of model adaptive selection, through
the different query samples, the model that is more
consistent with the base model pool is selected for sub-
sequent experiments, and the process of adaptive selec-
tion is realized. The model with poor performance on
the query sample is selected, so that the constructed
dynamic ensemble learning framework has a better
model combination for the current query sample.
Therefore, the method in this study performs better
in the prediction of carbon content and temperature.
At the same time, it can be seen from RMSE and MAPE
that the method in this study performs better and
more reasonable than other methods.

©)

The simulation results demonstrate that the proposed
method is capable of meeting the real-time requirements
of converter steelmaking. Specifically, the prediction time
for 500 query samples is 158.3 s, which translates to an
average of 316.6 ms per query sample. In comparison, the
subroutine detection method described in the literature
[20] takes approximately 1 min per time (without “pouring”
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Figure 8: Prediction results of carbon content (Th = 0.02%) under different methods. (a) GBDT carbon content prediction results of global modeling,
(b) XGBoost carbon content prediction results of global modeling, (c) LightGBM carbon content prediction results of global modeling, (d) RF carbon
content prediction results of global modeling, (e) Bagging (GBDT) carbon content prediction results, (f) Adaboost (GBDT) carbon content prediction
results, (g) Static ensemble learning carbon content prediction results, and (h) MC+DAS carbon content prediction results.
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Figure 9: Prediction results of temperature (Th = 10°C) under different methods. (a) GBDT temperature prediction results of global modeling, (b)
XGBoost temperature prediction results of global modeling, (c) LightGBM temperature prediction results of global modeling, (d) RF temperature

prediction results of global modeling, (e) Bagging (GBDT) temperature prediction results, (f) Adaboost (GBDT) temperature prediction results,

(g) Static ensemble learning temperature prediction results, and (h) MC+DAS temperature prediction results.
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Table 2: Comparison of performance indexes of this method at carbon content and temperature

Ablation experiment Carbon content PA (Th = 0.02%) RMSE MAPE Temperature PA (Th = 10°C) RMSE MAPE
Bootstrap-MS 81.6 0.0167 0.1129 74.4 10.2737 0.0047
Bootstrap-WF 79.2 0.0179 0.1137 424 14.9245 0.0076
Bootstrap-DAS 84.2 0.0153 0.1076 78.6 10.0963 0.0045
MC-MS 87.8 0.0146 0.1017 90.6 9.0265 0.0040
MC-WF 79.6 0.0154 0.1163 76.6 9.1213 0.0042
MC-DAS 92.8 0.0142 0.1047 91.6 9.0311 0.0040
Table 3: Comparison of performance indexes of different methods under carbon content and temperature

Different methods Carbon content PA (Th = 0.02%) RMSE MAPE Temperature PA (Th = 10°C) RMSE MAPE
GBDT 7.8 0.0229 0.1332 63.4 13.9487 0.0062
XGBoost [21] 56.0 0.0324 0.1832 46.2 19.5738 0.0091
LightGBM [22] 68.8 0.0258 0.1435 52.0 15.6460 0.0074
RF [23] 61.6 0.0283 0.1519 50.0 16.5279 0.0077
Bagging [24] 70.6 0.0223 0.1290 66.8 13.5034 0.0059
Adaboost [25] 66.6 0.0222 0.1343 59.8 14.1650 0.0065
MC-SA 74.2 0.0176 0.1373 74.2 9.2918 0.0044
MC-DAS 92.8 0.0142 0.1047 91.6 9.0311 0.0040

the furnace) to detect the endpoint carbon content and
temperature in the furnace. Therefore, the proposed method
is significantly less time-consuming than the subroutine
detection method and can satisfy the real-time require-
ments of actual industrial processes.

5 Conclusion

This study focuses on the dynamic industrial process of
BOF steelmaking, where data collected during the process
of steelmaking can fluctuate significantly due to differ-
ences in the quality of raw materials. Traditional ensemble
learning methods often ignore the performance differ-
ences between the query samples and the base model,
resulting in poor prediction performance of the model as
a whole. To address this issue, we propose a soft sensor
modeling method based on MC dynamic adaptive selection
ensemble learning.

(1) The different clustering algorithms are used to divide
the original training data to form different sample sub-
sets and also to build a diversity of the base model pool.
A dynamic adaptive MS strategy is proposed, through
which the model adapted to each sample is selected as
a sub-model of subsequent integration, it improves the
whole prediction precision and generalization perfor-
mance of ensemble learning.

@

The simulation experiments conducted on the data of
the converter steelmaking process prove that the method
proposed in this study is effective in solving issues related
to production process data. Additionally, compared to the
global modeling model and traditional ensemble learning
methods, the proposed method exhibits better prediction
performance. Our results demonstrate that both the sample
clustering-based distribution method and the dynamic selec-
tion ensemble-based ensemble learning modeling method
can improve the PA of the ensemble learning framework.
Furthermore, this approach provides a more reasonable
and effective modeling method for actual dynamic industrial
processes.
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