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ABSTRACT

Molten steel temperature prediction is important in Ladle Furnace (LF). Most of the existing temperature
models have been built on small-scale data. The accuracy and the generalization of these models cannot
satisfy industrial production. Now, the large-scale data with more useful information are accumulated
from the production process. However, the data are with noise. Large-scale and noise data impose strong
restrictions on building a temperature model. To solve these two issues, the Bootstrap Feature Subsets
Ensemble Regression Trees (BFSE-RTs) method is proposed in this paper. Firstly, low-dimensional fea-
ture subsets are constructed based on the multivariate fuzzy Taylor theorem, which saves more memory
space in computers and indicates “smaller-scale” data sets are used. Secondly, to eliminate the noise, the
bootstrap sampling approach of the independent identically distributed data is applied to the feature sub-
sets. Bootstrap replications consist of smaller-scale and lower-dimensional samples. Thirdly, considering
its simplicity, a Regression Tree (RT) is built on each bootstrap replication. Lastly, the BFSE-RTs method is
used to establish a temperature model by analyzing the metallurgic process of LF. Experiments demon-
strate that the BFSE-RTs outperforms other estimators, improves the accuracy and the generalization, and

meets the requirements of the RMSE and the maximum error on the temperature prediction.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Ladle furnace (LF) steel refining technology plays a substantial
role in secondary metallurgic process. When LF is taken over at
downstream secondary metallurgy units or at a continuous caster,
the main purpose of LF refining processing is to get the qualified
molten steel temperature and composition [1-5]. In practice, the
molten steel temperature cannot be measured continuously, mak-
ing it difficult to realize the precise controlling. Therefore, it is
important to build a precise molten steel temperature prediction
model.

Several molten steel temperature models of LF based on ther-
modynamics and conservation of energy are developed in earlier
works. [6] “However, these models cannot be used efficiently for
online accurate prediction because the parameters are hard to ob-
tain. It is attributed to the harsh operating environment of ladle
metallurgy, especially the high temperatures and corrosive slag as-
sociated with the process. Practically, some of the parameters are
estimated according to experience. Consequently, it is hard to en-
sure the accuracy of mechanism models” [1].
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To overcome the limitations of mechanism models, various
data-driven modeling methods have been applied to establish the
temperature prediction models. For example, Sun et al. [7] build
a temperature model based on the Neural Networks (NN). Later,
a PLS-SVM based temperature model is proposed by Wang [8],
where input variables are firstly dealt with Partial Least Squares
(PLS) algorithm to get rid of the linear dependency and then Sup-
port Vector Machine (SVM) is utilized to establish the prediction
model. However, these temperature models only learn from a sin-
gle model, and their performance are hard to improve when the
object is complicated or the samples are with high noise [9].

Compared with a single model, an ensemble model can further
improve the accuracy and the generalization [10,11]. In the past
decade, ensemble methods have been applied to establish temper-
ature models. Tian & Mao [1] propose to establish an ensemble
temperature prediction model based on a modified AdaBoost.RT al-
gorithm. Lv et al. [9] propose a hybrid model in which the pruned
Bagging model based on the negative correlation learning is used
to predict the unknown parameters and the undefined function of
the thermal model simultaneously.

Today, the accuracy and the generalization of most existing
molten steel temperature models cannot satisfy industrial pro-
duction. They have been estimated on small-scale data. With the
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The entire refining process in LF
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Fig. 1. The diagram of the entire refining process in LF.

development of the information and the computer techniques,
large-scale data are accumulated from the production process in
LF. They contain more useful information, and make it possible to
improve the accuracy and the generalization of the temperature
prediction.

However, large-scale data impose more restrictions on model-
ing and increase the costs of building models [12]. Furthermore,
high complexity models increase the computational burden in the
phase of actual use [13] and cannot be used efficiently for online
accurate prediction. The existing ensemble temperature models are
not suitable for large-scale data. In [1], the Extreme Learning Ma-
chine (ELM) [14] is selected as the base learner and the modified
AdaBoost.RT is employed as the ensemble structure. Although the
learning speed of the ELM is extremely fast, the AdaBoost.RT is
a serial ensemble in which every new sub-model relies on previ-
ously built sub-models. In [9], the pruning process of sub-models
is also one by one, and Bagging is changed into a serial ensemble.
A serial ensemble is often more complex than a single model [15],
especially on large-scale data. Additionally, data sampled from the
production process are with noise, which reduces the accuracy and
the generalization of the temperature prediction.

To deal with the large-scale and the noise issues, the Bootstrap
Feature Subsets Ensemble Regression Trees (BFSE-RTs) method is
proposed in this paper. Firstly, low-dimensional feature subsets
are constructed based on the multivariate fuzzy Taylor theorem
[16], which saves more memory space in computers and indicates
“smaller-scale” data sets are used. Secondly, to eliminate the noise
data, the bootstrap sampling approach [17] of independent identi-
cally distributed data is introduced into the feature subsets. Boot-
strap replications consist of smaller-scale and lower-dimensional
samples. Thirdly, considering its simplicity the Regression Tree (RT)
[18] is employed as the base learner, and a RT is built on each
bootstrap replication. The BFSE-RTs method is expected to success-
fully utilize the large-scale data accumulated from the production

process in LF, to improve the accuracy and the generalization of
the temperature prediction, and to meet the requirements that the
Root Mean Square Errors (RMSE) of the temperature is less than
3°C and the maximum error of it is less than 10 °C.

The remainder of this paper is organized as follows.
Section 2 introduces the mechanism of the production pro-
cess of LF. In Section 3, existing ensemble methods are reviewed.
In Section 4, the BFSE-RTs method is proposed, and the differences
from other ensembles are introduced. In Section 5, the experimen-
tal investigations are brought out, and the BFSE-RTs temperature
model is compared with the FSE-RTs, the RF, the stacking trees,
the modified AdaBoost.RT, and the pruned Bagging temperature
models. In Section 6, the conclusion of this paper is summarized.

2. The mechanism of production process of LF

To establish the data-driven based model of the temperature in
LF, the energy change during the refining process in Fig. 1 is con-
sidered [1,6,14].

The refining process starts from the entry of LF and ends at the
exit of LF. The data are sampled in the entire refining process that
is subdivided into many different sampling periods. In any sam-
pling period, the same steps are executed, and they are the argon
bowing and slag adding, the power supply, and the power off.

In any sampling period,

(i) The initial temperature is measured before the argon bowing
and slag adding.

(ii) The power supply of the refining process in LF is from the
electric arc.

(iii) The power off mainly contains three parts: () The heat loss
from the ladle refractory wall and the top surface. In this
part, the heat loss is relatively stable, increases as the time
goes on, and may be reflected by refining time. 2) The heat
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