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In recent years, interest in artificial intelligence and the integration of Industry 4.0 technologies to improve
and monitor steel production conditions has increased. In the current scenario of the world economy, where
the prices of energy and inputs used in industrial processes are increasingly volatile, strict control of all stages
of the production process is of paramount importance. For the steel production process, the temperature of
the metal in the liquid state is one of the most important parameters to be evaluated, since its lack of control
negatively affects the final quality of the product. Every day, several models are proposed to simulate
industrial processes. In this sense, data mining and the use of artificial neural networks are competitive
alternatives to solve this task. In this context, the objective of this work was to perform data mining in a Big
Data with more than 300,000 pieces of information, processing them using an artificial neural network and
probabilistic reasoning. It is concluded that data mining and neural networks can be used in practice as a tool
for predicting and controlling impurities during the production of hot metal in a blast furnace.

1 INTRODUCTION

The blast furnace is a chemical-metallurgical reactor
used to produce molten iron, which is the product
formed by the reduction of metallic oxides that
chemically react with reducing elements such as
carbon monoxide (CO) and hydrogen gas (H»)
(Chizhikova and Best, 2020).

Blast furnaces are chemical metallurgical reactors
for the production of pig iron and slag. Pig iron is
obtained in a liquid state and consists of iron (92 to
95%), carbon (3 to 4.5%) and impurities such as
sulphur, phosphorus and silica (Arif and Ahmad,
2021).

The raw materials used (metallic feedstock) are
sinter, granulated ore and pellets. The main fuel is
metallurgical coke. All these materials are loaded
through the upper part of the reactor, with hot air
blown into the lower section (Zhao et al., 2020).

The injected hot air gasifiers the coke and
produces CO reducing gas and a large amount of heat
that rises upwards in counter current to the descent of
the charge, providing heating, reduction and melting

https://orcid.org/0000-0001-8531-4049
b0 https://orcid.org/0000-0002-8169-3325

400

Cardoso, W. and di Felice, R.
Prediction of Sulfur in the Hot Metal based on Data Mining and Artificial Neural Networks.
DOI: 10.5220/0011276700003269

of the metallic charge. Pulverized coal is used as an
additional fuel, which is blown in together with hot
air (Blotevogel, 2021).

The preheated air with a temperature of about
1200°C is blown through the blast tuyeres of the blast
furnace and comes into contact with the coke in the
raceway area. The contact of the oxygen in the air
with the carbon of the coke heated to 1500°C first
leads to a reaction that produces carbon dioxide (CO,)
(Zhang et al., 2019a).

This highly exothermic reaction generates a large
amount of heat for the process. The carbon dioxide
immediately reacts with the carbon in the coke to
form carbon monoxide (CO), according to the loss-
of-solution or Boudouard reaction (C + CO; — 2CO),
which is very endothermic (Cardoso et al., 2021b).

The moisture contained in the injected air reacts
with the carbon in the coke to produce the reducing
gases CO and H»,. Although these reactions are
endothermic, i.e. proceed under heat absorption, the
exit of the reducing gases from the duct effectively
results in a high heat input into the process, producing
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flame temperatures in excess of 2000°C (Fontes et al.,
2020; Cardoso et al., 2021a; Cardoso et al., 2022).

On the rest of the way through the furnace, the
rising gas gives off heat to the descending metal
layers and leaves the furnace with temperatures in the
order of 100 to 150°C (Kurunov, 2019).

Due to the different heat requirements for a
number of chemical reactions taking place at different
levels in the furnace, the temperature profile takes on
a characteristic shape: an upper preheating zone (0-
800°C) separated from a lower melting zone (900-
1500°C) and a vertical thermal reserve zone whose
temperature is in the range of 800-1000°C (Ibragimov
et al., 2019; Kong et al., 2021).

The thermal reserve zone, where there is little heat
exchange between gas and solids, occupies 40-50%
of the total height of the furnace (Kurunov, 2018).

The nature of the countercurrent process allows a
highly reducing gas (high content of CO) to contact
the metallic mineral wustite, which has the lowest
oxygen potential of the iron oxides, and then hematite
and magnetite in the upper zone to be reduced by a
gas with a lower reduction potential (Li et al., 2021a).

Since CO; is the end product of carbon
combustion, the more oxygen that is removed, the
more complete the utilisation of the thermal and
chemical energy of the carbon (Li et al., 2021b).

These reactions are called indirect reduction, and
the overall reaction is slightly exothermic. If some of
the wustite remains unreduced, it is further reduced
by direct reduction in the range where temperatures
exceed 1000°C (Matino et al., 2019a).

The high temperature ramp gas generated in the
combustion zone (the tuyeres region) causes heating
of the charge, decomposition reactions and reduction
of oxides during its ascent in the blast furnace. As a
result, the temperature of the gas gradually decreases
while its chemical composition changes (Muraveva et
al., 2021; Pavlov et al., 2019).

First, near the charge level, the charge undergoes
moisture evaporation and preheating. When the
charge decreases, the reduction of iron oxides takes
place. In the softening and melting zone, in the area
of the lower vat and the belly, begins the softening
and melting of the charge, which develops to the
crucible (Cardoso et al., 2022).

The pig iron (hot metal) and slag that are in the
crucible are removed at controlled intervals through
the running holes. In the area of the tuyeres, the coke
gradually decreases in size as it burns (Rasul et al.,
2007; Saxén and Pettersson, 2007).

Together with the fusion of the materials that
make up the charge, this causes the level in the blast

furnace to drop, so that a new charge has to be
conveyed at the top (Semenov et al., 2020).

Coke is considered the permeabilizer of the blast
furnace charge. This role cannot be assumed by any
other fuel, as coke is the only material capable of
maintaining the permeability of the bed to the
ascending gas, as well as that of the descending liquid
slag and hot metal (Tan et al., 2020).

Coke remains solid under the high-temperature
conditions prevailing in the oven and maintains levels
of resistance to the different stresses it undergoes
inside the oven. This allows it to maintain a suitable
size and size distribution for good permeability,
without which the manufacture of pig iron in a blast
furnace would be impossible (Cardoso el al., 2022).

However, the thermal and chemical roles can be
played, in part, by other liquid fuels (petroleum fuel
oil and coal tar), gaseous with high calorific value
(reducing gas, natural gas, and coke oven gas) or
solids (mainly, mineral coal), injected through the
tuyeres of the kiln. Thus, these auxiliary fuels also
participate as sources of heat and reducing gas for the
process. Figure 1 illustrates the working principle of
a blast furnace:
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Figure 1: Blast furnace working principle.
Blast furnace monitoring is of paramount

importance in the production of a quality product.
Sulfur in steel is an undesirable residue that
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negatively affects properties such as ductility,
toughness, weldability and corrosion resistance.

In recent years, the demand for steels with higher
toughness and ductility has increased, and low sulfur
levels are important to achieve these properties.
Furthermore, sulfur may play an important role in
some corrosion processes in steel.

Therefore, in the production of steel for the pipe
and automotive industries, for example, the control of
the sulfur content is fundamental. The production of
low sulfur steel is of utmost importance for
shipbuilding and pipelines for the oil industry. This
requires high production control in the blast furnace
and an efficient desulfurization process at the lowest
possible cost.

In the field of technology and modelling, in
addition to predicting the effects of changes in
production parameters, several blast furnace
simulation models have been developed with the aim
of improving production conditions, including two-
and three-dimensional models that allow progress and
detailed information on fluid flow and mass and heat
balances within the blast furnace.

Considering the existing difficulties in the field of
simulation of complex processes, the application of
solutions based on neural networks has gained space
due to its diversity of application and increase in the
reliability of responses, since the neural network
receives new data in the operating process/training
without necessarily drawing conclusions about values
or types of interaction between raw materials for the
use of neural models.

In computer science and related fields, artificial
neural networks are computational models inspired
by an animal's central nervous system (in particular
the brain) that are capable of performing machine
learning as well as pattern recognition. Artificial
neural networks are generally presented as systems of
"interconnected neurons, which can compute input
values", simulating the behaviour of biological neural
networks. Figure 2 illustrates an artificial neural
network.

X

Xz

Tnput Hidden single layer

QOutput

Figure 2: Artificial neural network.
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The objective of this work is to mine a database
and numerically simulate an artificial neural network
with 25 neurons in the hidden layer.

2 RESEARCH METHOD

The database used for numerical simulation
corresponds to 11 years of reactor operation. Big Data
contains 301,125 pieces of information divided into
75 variables. The neural network input is composed
of 74 input variables and 1 output variable.

The artificial neural network has a structure
similar to Figure 3 with a simple layer and 25 neurons
in the hidden layer, using the Levenberg-Marquardt
training algorithm, and a sigmoid activation function.

HIDDEN LAYER

30 NEURONS

OUTPUT LAYER
QUTPUT
D/

Figure 3: Artificial neural network architecture.

According to the literature, 85% of the database
should be used to train and validate the neural
network and the remaining 15% will be used to test
the model's predictive capacity during the test step.
Table 1 illustrates the database division. Table 2 to 8
illustrates the input variable and Table 9 illustrates the
output variable

Table 1: Division of samples.

Step Samples
Training 210.789
Validation 45.168
Test 45.168

Table 2: Blast Furnace Gas.

Variable Mean Std dev
CO (%) 23.8 0.74
CO2(%) 243 0.66
N2 (%) 472 1.39
Hz2 (%) 4.50 0.43
CO+CO2 47.9 0.6
CO efficiency (%) 49.5 0.85
H: efficiency (%) 40.7 3.25




Table 3: Hot metal.
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Table 6: Thermal control.

Variable Mean Std_dev Variable Mean Std_dev
Estim. Production (ton) 7789.5 314.5 Hot metal (°C) 1508.3 12.2
Real production (ton) 7787.2 324.5 Blowing air (°C) 1243.3 13.9
Carbon (%) 4.635 0.169 Top gas (°C) 121,35 10,34
Chrome (%) 0.025 0.002 Flame temperature (°C) 2177.6 2108
Copper (%) 0.007 0.001 Slag 1508.3 12.2
Manganese (%) 0.29 0.03 Thermal index (-) 504.7 54.03
Mn ratio (-) 0.13 0.22
Table 7: Minerals.
Table 4: Slag.
Variable Mean Std_dev
Variable Mean Std_dev Ore/Coque () 57 031
Slag rate (kg/ton) 246.99 13.74 Sinter 1 (ton) 4536.3 884.2
B2 basicity (-) 1.2 0.04 Sinter 2 (ton) 1697.2 1326.2
B4 basicity (-) 1.07 0.04 Pellet 1 (ton) 5132 1898.3
ALO3 (%) 10.71 0.62 Pellet 2 (ton) 4813.7 2183.1
CaO (%) 43.06 1.55 Total metal load (ton) 12312 670
Sulfur (%) 1.15 0.14 Raw material rate 1578.8 15.1
FeO (%) 0.42 0.04 Ore (%) 8.9 4.5
MgO (%) 6.83 0.86 Sinter (%) 39.6 2.8
MnO (%) 0.31 0.1 Pellet (%) 51.5 5.1
S102 (%) 36.05 1.36 Ore (day) 12747 703
T102 (%) 0.58 0.05
Production (ton) 1980.6 190.8 Table &: Blow air.
Mn ratio () 0.87 0.22
Variable Mean Std_dev
Table 5: Fuel.
Volume (Nm?/min) 4852.9 148.6
. Pressure (Kgf/cm?) 3.87 0.1
EEPR N S} Moisture (kg/m’) 19.81 3.73
Injection PCI (kg/ton) 58.99 6.16 02 enrichment (%) 5.27 0.95
Gas rate (kg/ton) - L Steam (%) 151 1.01
Coal/O» tax (-) 75527 75.57 Comsumption (Nm?/min) 7030.3 213.6
Coal/air tax (-) 170.03 74.12
PCI rate 175.98 15.61 Table 9: Sulfur output (%).
Direct reduction (%) 23.38 12.41 Mean 0.023
PCI tax (kg/ton) 1078.3 540.9 Standard deviation 0.008
Coke total (kg/ton) 1932.2 911.7 Minimum 0.008
Small coke (kg/ton) 294.63 134.86 Median 0.021
Coke 1 (kg/ton) 210.7 259.8 Maximum 0.083
Coke 2 (kg/ton) 742 716 Skewness L>
Coke 3 (kg/ton) 946 956 Kurtosis 4.8
Coke 4 (kg/ton) 1878 143 The method used to evaluate the quality of the
Coke 5 (kg/ton) 1327.5 847.6 neural network model was the RMSE (root mean
Moisture (kg/ton) 6.4 1.41 square error). Small values close to zero indicate
Coke/load (kg/ton) 11.89 9.56 better predictive capacity of the model. Pearson's
Small coke total (kg/ton) 4.28 0.03 mathematical correlation coefficient (R) was also
PCl/load (kg/ton) 174.74 14.32 used to validate the mathematical models.
Fuel rate/load (kg/ton) 484.08 18.14
Coke total/load (kg/ton) 24.52 0.89 RMSE = \/i Y (Ceural — Creal )2 )
PCl/day (-) 1214.4 44.9
Coke rate (kg/ton) 319.68 25.98
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R=

n n
Z(Cneural — Creal )Z]/[Z(Creal — Cheural )Z]
i=1

@)

The RMSE mathematical equation is presented in
Eq(l) and Pearson's mathematical correlation
coefficient is presented in Eq(2).

3 RESULTS AND DISCUSSION

The sulfur prediction model presented greater
difficulty in the prediction, but even so, the result was
excellent compared to the literature. There was no
evidence of overfitting or underfitting in the hot metal
sulfur prediction model.

There was no discrepancy between the RMSE
values for the training, validation and testing phases.
The artificial neural network required a maximum of
687 epochs to converge the model, indicating greater
complexity to stabilize the error values.

The mathematical correlation (R) and the RMSE
of the artificial neural network is shown in Table 10 e
Table 11 and confirms an excellent correlation value.
Figure 4 illustrates the dispersion between the values
calculated by the neural network and the values of Big
Data.

Table 10: Root Mean Square Error.

Overall 0.0027
Training 0.0031
Validation 0.0030
Testing 0.0031

Table 11: Pearson’s correlation coefficient.

Overall 0.9632
Training 0.9682
Validation 0.9660
Testing 0.9373
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Figure 4: Scatterplot sulfur.
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From a metallurgical point of view Most of the
sulfur contained in hot metal (about 80%) is
introduced into the blast furnace by the metallurgical
coke in the form of iron sulfide (FeS) and calcium
sulfide (CaS) contained in the coke ash, and as
organic sulfur. The rest comes via the other materials
in the metallic charge and the fluxes.

In blast furnaces fed with metallurgical coke,
about 90 to 80% of the sulfur is part of the chemical
composition of the slag, while 10% to 15% is
precipitated with the blast furnace gas and values
between 2% and 5% dissolve in the hot metal. Recent
studies have shown that the main mechanism of sulfur
reactions is very similar to that of silicon.

Small amounts of sulfur are also absorbed by the
slag in the area of the blast furnace channel. It should
also be mentioned that sulfur forms other compounds
such as sulfur dioxide (SO,) and carbon disulfide
(CS), which are also transported by the gas stream
and undergo chemical reactions. However, it must be
emphasized that among sulfur gasses, silicon sulfide
(SiS) is the dominant species.

In the blast furnace raceway, the sulfur produced
reacts with calcium (Ca), silicon (Si), and iron (Fe)
according to Eq.3, Eq. 4, and Eq. 5. The chemical
reaction that removes sulfur from the hot metal is
often represented by Eq. 6.

CaS ash cokey T Si0(g) — SiS(g) + Ca0  (3)
FeS+ Si0 + C - SiS+ CO + Fe 4)
SiS(g) — [Si] + [S] )

S + (Ca0) + C - (CaS) + CO(g) (6)

The transfer of sulfur from the gasses to the hot
metal takes place in an area of the blast furnace
known as the dripping zone. Inside the blast furnace,
in the softening and melting zone, when silicon and
sulfur-containing hot metal droplets percolate
through the slag, in the absence of MnO, the silicon
content of the hot metal increases and no transfer of
sulfur occurs.

However, in the presence of MnO, silicon is
removed from the hot metal and the transfer of
manganese from the slag to the metal occurs together
with the transfer of sulfur from the metal to the slag.
Literature states that gasses such as SiO and SiS are
formed in the beneficiation zone, while silicon and
sulfur are transferred to the hot metal in the
combustion zone.

Silicon is reduced by FeO and MnO and dissolved
in the slag while the hot metal droplets penetrate the
slag layer. It should be mentioned that CaO has a
much greater desulfurization potential than MgO,
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about 100 times stronger. It should also be noted that
for proper desulfurization, the oxygen content of the
metal must be very low.

This is possible due to the reaction of oxygen
dissolved in the hot metal with strong oxide forming
elements. Thus, if considering the oxide-forming
elements, may write the following reactions given in
Eq. 7, Eq. 8, and Eq. 9.

(Ca0) + [S] + [C] — (CaS) + CO(g) @)
(Ca0) + [S] + [Mn] - (CaS) + (MnO) (®)
(Ca0) + [S] + 0,5[Si] — (CaS) + 0,5(Si0,) (9)

The increase of the basicity of the slag increases
the CaO activity and favors desulfurization. Low FeO
concentrations in the slag favor the incorporation of
sulfur into the hot metal. Carbon and silicon dissolved
in the hot metal favor desulfurization by increasing
the thermodynamic activity of sulfur in the slag.

Considering all this information and the fact that
sulfur is an extremely harmful chemical element for
steel, the use of a ANN to predict sulfur in metal
production is justified.

4 CONCLUSIONS

Regarding simulation methods for predicting process
variables, the increasing development of
computational capacity, leading to cheaper and more
powerful equipment, is driving the development of
more complex algorithms with better results, such as
neural networks.

Thus, the progress in computational capacity
enabled the development of different types of
simulation models.

This is one of the factors that enabled the use of
the ANN model in this study, as well as the
identification of the main variables that affect the
model.

The processing of the data to be used for the
development of the model is highlighted as an
important part of the process, which is sometimes a
slow process since the information must be evaluated
to find the best way to identify outliers for the
development of models.

However, it is important to emphasize that the
model in isolation may predict good results for each
of the target variables. It should be noted that the use
of the above modelling technique has enabled the
construction of higher fidelity models that may be
used as tools for decision making and operational
planning related to fuel economy, operational

stability, and delivery of a product for steelmaking
and help improve process monitoring.

In short, neural networks may be used in practice
because the model is both a predictive tool and a
guide for operation due to the excellent correlations
between the real values and the values computed by
the neural network.
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