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Abstract: To achieve the automation of blast furnace operation, an automatic control system for
hot metal temperature (HMT) was developed. Nonlinear model predictive control (NMPC) which
predicts up to ten-hour-ahead HMT and calculates appropriate control actions of pulverized coal rate
(PCR) was constructed. Simulation validation showed that the NMPC algorithm generates control
actions similar to those by the operators and that HMT can be maintained within ±10 ◦C of the set
point. The automatic control system using NMPC was then implemented in an actual plant. As a
result, the developed control system suppressed the effects of disturbances, such as the changes in
the coke ratio and blast volume, and successfully reduced the average control error of HMT by 4.6 ◦C
compared to the conventional manual operation. The developed control system has contributed to
the reduction of reducing agent rate (RAR) and CO2 emissions.

Keywords: blast furnace; thermal control; reducing agent rate; process control

1. Introduction

In recent years, reduction of the reducing agent rate (RAR) of blast furnaces has
been required in the steel industry, and it is difficult to maintain a stable furnace state
under a low RAR condition by conventional manual operation. At the same time, cost
reduction through equipment integration has also been demanded, requiring a high blast
furnace production rate, which increases the risk of operational problems such as gas
channeling due to excessive pressure drop of the furnace. While the blast furnace operation
becomes difficult, the working population is expected to decrease in the future. Hence,
process automation is considered necessary to maintain efficient and stable blast furnace
operation [1,2].

Figure 1 shows an overview of the blast furnace process. Sintered iron ore and coke
are charged from the furnace top, and hot blast is blown into the furnace from about
40 tuyeres arranged in the circumferential direction around the furnace. Auxiliary fuels
such as pulverized coal (PC) and natural gas are also injected through the tuyeres. The
sintered iron ore is reduced by CO and H2 gas while descending through the furnace and
is eventually melted, and the hot metal and its viscous byproduct, slag, are tapped from
the furnace bottom.

In the blast furnace process, it is crucial to maintain a constant hot metal temperature
(HMT). When the HMT becomes too low, the slag drainage becomes difficult and it impairs
furnace productivity. Conversely, an excessively high HMT also leads to excess consump-
tion of the reducing agents. Reducing the variation in HMT makes it possible to keep the
HMT near the lower bound, thereby reducing RAR.

A number of control methods have been developed to stabilize the HMT and Si content
of hot metal, which are indicators of thermal status. Azadi et al. developed a prediction
method for the Si content by combining first principles and a statistical model [3]. Jiang et al.
developed an operation guidance system to maintain a constant Si content using a recurrent
neural network based on feature selection [4]. Agrawal et al. developed a proactive thermal
indicator based on the energy balance for controlling HMT [5]. Martín et al. applied fuzzy
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logic tools to predict future HMT [6]. Jiao et al. proposed a prediction method of HMT using
collaborative multiple rank regression with the image data through tuyeres [7]. Hashimoto
et al. developed an operation guidance system for HMT control based on a transient model
and applied it to actual blast furnaces [8,9]. The operation guidance system predicts eight-
hour-ahead HMT by the transient model and moving horizon estimation [10]. An operator
behavior model that imitates the control actions of skilled operators for controlling HMT
was also developed [11]. However, automatic HMT control that can be continuously used
under adverse operating conditions, such as when the production rate is changed rapidly
or the pressure drop fluctuates, has not been reported. To achieve more efficient and stable
operation through process automation, this study is aiming at developing an automatic
HMT control system that can be applied even under such hostile operating conditions.

Metals 2022, 12, x FOR PEER REVIEW 2 of 14 
 

 

 
Figure 1. Overview of blast furnace process. 

In the blast furnace process, it is crucial to maintain a constant hot metal temperature 
(HMT). When the HMT becomes too low, the slag drainage becomes difficult and it im-
pairs furnace productivity. Conversely, an excessively high HMT also leads to excess con-
sumption of the reducing agents. Reducing the variation in HMT makes it possible to keep 
the HMT near the lower bound, thereby reducing RAR. 

A number of control methods have been developed to stabilize the HMT and Si con-
tent of hot metal, which are indicators of thermal status. Azadi et al. developed a predic-
tion method for the Si content by combining first principles and a statistical model [3]. 
Jiang et al. developed an operation guidance system to maintain a constant Si content us-
ing a recurrent neural network based on feature selection [4]. Agrawal et al. developed a 
proactive thermal indicator based on the energy balance for controlling HMT [5]. Martín 
et al. applied fuzzy logic tools to predict future HMT [6]. Jiao et al. proposed a prediction 
method of HMT using collaborative multiple rank regression with the image data through 
tuyeres [7]. Hashimoto et al. developed an operation guidance system for HMT control 
based on a transient model and applied it to actual blast furnaces [8,9]. The operation 
guidance system predicts eight-hour-ahead HMT by the transient model and moving 
horizon estimation [10]. An operator behavior model that imitates the control actions of 
skilled operators for controlling HMT was also developed [11]. However, automatic HMT 
control that can be continuously used under adverse operating conditions, such as when 
the production rate is changed rapidly or the pressure drop fluctuates, has not been re-
ported. To achieve more efficient and stable operation through process automation, this 
study is aiming at developing an automatic HMT control system that can be applied even 
under such hostile operating conditions. 

Since the blast furnace process has an extremely large heat capacity, the time constant 
until the effect of control actions appears is also large. In addition, it takes several hours 
for the raw materials charged at the furnace top to descend through the furnace. There-
fore, it is necessary to calculate appropriate control actions based on future predictions in 
order to control HMT accurately. In this study, a nonlinear model predictive control 
(NMPC) algorithm based on a two-dimensional (2D) transient model was newly devel-
oped and verified through simulations. An automatic control system using the NMPC 
algorithm was then implemented in a real plant and validated in the actual operation. 

This paper is organized as follows. Section 2 describes the development of the NMPC 
algorithm. Section 3 presents the simulation verification and real operation result at the 
actual furnace. Section 4 concludes the paper. 

  

Coke layer

Ore layer

・
・
・
・

Hot blast 
Pulverized coal

Hot metal
Slag

Gas
flow

Solid
flow

Tuyere

Figure 1. Overview of blast furnace process.

Since the blast furnace process has an extremely large heat capacity, the time constant
until the effect of control actions appears is also large. In addition, it takes several hours for
the raw materials charged at the furnace top to descend through the furnace. Therefore, it
is necessary to calculate appropriate control actions based on future predictions in order
to control HMT accurately. In this study, a nonlinear model predictive control (NMPC)
algorithm based on a two-dimensional (2D) transient model was newly developed and
verified through simulations. An automatic control system using the NMPC algorithm was
then implemented in a real plant and validated in the actual operation.

This paper is organized as follows. Section 2 describes the development of the NMPC
algorithm. Section 3 presents the simulation verification and real operation result at the
actual furnace. Section 4 concludes the paper.

2. Methodology

This section describes the development of the HMT control algorithm based on the
2D transient model of the blast furnace. First, the conventional manual operation by
human operators and the disturbances that affect HMT control are discussed. A control
algorithm that is compatible with the manual operation and can be clearly understood
by the operators is then developed using NMPC. The input variables for the simulation
using the 2D transient model, the manipulated variables, and the controlled variables are
summarized in Table 1.
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Table 1. Classification of variables in this work.

Category Variable Unit

Input variables for
simulation

Blast volume (BV) Nm3/min
Enrichment oxygen flow rate (EO) Nm3/min

Blast moisture (BM) g/Nm3

Blast temperature (BT) ◦C
Pulverized coal flow rate (PCI) kg/min

Coke rate (CR), i.e., weight ratio of coke and iron kg/t

Manipulated variables
for control

Pulverized coal rate (PCR) kg/t
Pulverized coal flow rate (PCI) kg/min

Controlled variable Hot metal temperature (HMT) ◦C

2.1. Conventional Manual Operation

Figure 2 shows the real operation data of the conventional manual operation for 120 h.
The left column shows the variables which can be manipulated by the operators, and the
right column shows the outcomes of the operation: HMT, the production rate (Prod), and
the pressure drop from the tuyere level to the furnace top (∆P). The red dashed lines and
blue solid lines show the target values (or upper bound) and actual values, respectively.
The vertical axes in the left column are all mean-centered, whereas those in the right column
show the difference from the target value (or upper bound) at time zero. To decrease RAR,
blast moisture (BM) and blast temperature (BT) are maintained at the lower bound and
upper bound, respectively, and are not shown in the figure.
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Figure 2. Example of manual operation of blast furnace: (a) coke rate, (b) pulverized coal rate, (c) PC
flow rate, (d) blast volume, (e) enrichment oxygen flow rate, (f) hot metal temperature, (g) production
rate, (h) pressure drop.

As shown in Figure 2a, the operators decreased the coke rate (CR) from 0 to 60 h to
reduce operating costs. To compensate for the effect of the decreased CR on HMT, the
target pulverized coal rate (PCR), i.e., the amount of pulverized coal per ton of hot metal,
was increased during the same period, which is shown by the red dashed line in Figure 2b.
The actual PCR shown by the blue solid line in Figure 2b is defined by
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PCR = PCI/Prod (1)

where PCI (kg/min) is the PC flow rate and Prod (t/min) is the production rate. Since the
actual PCR fluctuates unintentionally depending on Prod, the PC flow rate in Figure 2c
was manipulated so that the actual PCR matched the target PCR.

The operators also adjusted the blast volume (BV) and the enrichment oxygen flow
rate (EO) shown in Figure 2d,e so that the actual Prod matched the target Prod in Figure 2g.
Since ∆P in Figure 2h became high at 65 h, the gas flow was stabilized by decreasing BV
and increasing CR at the same time, sacrificing Prod and the operating costs. Since ∆P
decreased as a result of these control actions, BV was increased again at around 68 h to
achieve the target Prod, and CR was gradually reduced from 70 h to 110 h.

In this manner, in the blast furnace operation, HMT is controlled by manipulating PCR
and the PC flow rate, while the production rate is kept near its target by manipulating BV
and EO. It is also necessary to avoid instability in the descent of burden materials due to the
excessively high ∆P by decreasing BV and increasing CR. Therefore, the HMT controller
that manipulates the PCR and PC flow rate must suppress the effects of disturbances due
to the changes in CR, BV, and EO.

Here, the production rate was determined by the oxygen balance.

Prod =
VO

out −VO
in

Oore
(2)

where VO
in is the amount of oxygen blown into the furnace, defined by VO

in =(
BV × XO2 + EO

)
/22.4 with the oxygen volume ratio XO2 in BV. Oore is the oxygen amount

in the unreduced iron ore which has to be reduced to produce a unit volume of hot metal.
VO

out is the oxygen amount in the top gas discharged from the furnace.

VO
out = Vtop

(
XCO + 2XCO2 + XH2O

)
(3)

where Vtop is the top gas flow rate and Xφ is the volume ratio of gas component φ.

2.2. Transient Model

Various blast furnace models have been developed [12], including one-dimensional
(1D) transient model [9,13], 2D steady-state model [14], 2D transient model [8,15,16], and
three-dimensional (3D) transient model [17]. This study employs the two-dimensional (2D)
transient model developed in the previous study [8]. The 2D transient model consists of
four sub-models: a gas flow model, a material balance model, an energy balance model,
and a solid flow model, considering 11 reactions listed in Table 2.

Table 2. Reactions in the 2D transient model.

Symbol Reaction

R1 FeOx + CO = FeOx−1 + CO2
R2 C + CO2 = 2CO
R3 FeO + C = Fe + CO
R4 FeOx + H2 = FeOx−1 + H2O
R5 C + H2O = CO + H2
R6 CO + H2O = CO2 + H2
R7 C(coke) = [C]
R8 SiO2 + 2C = [Si] + 2CO
R9 H2O(l) = H2O(g)
R10 C + 1/2O2 = CO (raceway)
R11 C + H2O = CO + H2(raceway)
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First, the gas flow model calculates the mass velocity of gas ug using Ergun’s equation.

−∇Pg = kgug (4)

∇·ug = Rg (5)

where kg is the gas flow resistance and Rg is the gas generation rate.
The material balance model calculates the gas composition X1 − X5, oxidation degree

of Fe X6, and iron composition X7 − X9.

∇·
(

Xiu0
g

)
= ∑j mi,jRj (6)

∂(ρfeXi)

∂t
+∇·(Xiufe) = ∑j mi,jRj (7)

where u0
g and ufe are the molar velocities of gas and liquid iron, respectively; mi,j is the

molar ratio of substance i in the reaction j. For example, m2,1 = −1, m3,1 = +1, and
m6,1 = −1 in the case of reaction 1 (FeOx + CO = FeOx−1 + CO2). The reaction rate R is
the function of temperature and gas composition.

The energy balance model considers the reaction heat and the heat exchange among
the gas, coke, and iron.

∇·
(
Cp,gTgug

)
= ∑j ηg,j∆HRj Rj + Eg,fe

(
Tfe − Tg

)
+ Eg,c

(
Tc − Tg

)
+ q (8)

∂
(
ρcXcCp,cTc

)
∂t

= ∑j ηc,j∆HRj Rj + Efe,c(Tfe − Tc) + Eg,c
(
Tg − Tc

)
(9)

∂
(
ρfeXoCp,feTfe

)
∂t

+∇·
(
Cp,feTfeufe

)
= ∑j ηfe,j∆HRj Rj + Eg,fe

(
Tg − Tfe

)
+ Efe,c(Tc − Tfe) (10)

The subscripts g, c, and fe denote gas, coke, and iron, respectively, and the subscript j
means the index of the reactions listed in Table 2.

Finally, the solid flow model and the calculation procedure which can be found in the
previous work [8] are briefly explained. The solid flow is expressed by the movement of
calculation cells, which are updated at each time step. Equations (4)–(10) were discretized
by the finite volume method in advance. The time step of the calculation was set to 5 min
considering that it takes about 15 min to consume one set of iron layer and coke layer.
Equations (4)–(6) and (8) which involve the gas flow were regarded steady-state since the
residence time of the gas in the furnace is much shorter than the time step. At each time
step, the gas flow, the material balance, and the energy balance are calculated using the
implicit method while the solid flow is suspended. After the convergence, the heights of
calculation cells are decreased according to the consumption rate of coke and iron ore, and
the new calculation cells are generated at the furnace top so that the material surface level
is maintained.

Figure 3 shows the simulation result by the 2D transient model using the real operation
data for 60 h, where vertical axes are all mean-centered. HMT is shown in Figure 3g, where
the blue solid line shows the actual value and the magenta dashed line shows the calculated
value by the 2D transient model. In the actual blast furnace, HMT was measured by
thermocouples after the hot metal was tapped from the furnace, and the measurement
interval was about 30 min. The calculated HMT is the temperature of the iron at the height
of the tuyere.
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Figure 3. Simulation results of HMT by 2D transient model using real operation data: (a) blast
volume, (b) enrichment oxygen flow rate, (c) PC flow rate, (d) blast moisture, (e) blast temperature,
(f) coke rate, (g) hot metal temperature.

Since CR was lowered at 3 h and 7 h, the HMT decreased by about 40 ◦C from 5 to
28 h. The PCR increased around 24 h because the PC flow rate was almost constant while
Prod decreased due to the decrease of EO. This increase in the PCR and the increase in CR
at 20 h resulted in the increase of HMT by 30 ◦C from 30 h to 40 h. These transitions of
HMT in the real plant were reproduced accurately by the 2D transient model, and accurate
control of HMT is expected to be possible.

2.3. Nonlinear Model Predictive Control

This section describes the development of a control algorithm that derives the control
actions similar to the current manual operation method in Section 2.1. First, the 2D transient
model is represented in the form of a nonlinear state-space model.

x(t + 1) = f (x(t), u(t)) (11)

y(t) = C(x(t)) (12)

where x(t) denotes the state variables calculated in the 2D transient model, which includes the
oxidation degree of iron and the temperatures of gas, coke, and iron. u(t) denotes the input
variables listed in Table 1, expressed as u(t) = (BV(t), EO(t), PCI(t), BM(t), BT(t), CR(t))T .
y(t) is the controlled variable, i.e., HMT, and is calculated by the function C, where the
iron temperatures in the calculation cells at the tuyere height are averaged. The time step
of the nonlinear state-space model was set to 15 min, because the measurement interval
of HMT is about 30 min. To update the state variables by Equation (11), the 2D transient
model calculation needs to be executed three times. This is because the time step of the 2D
transient model is 5 min while that of the nonlinear state-space model is 15 min.

The outline of the NMPC algorithm is as follows. First, the free response of HMT is
predicted assuming that the current input variables are kept constant at the current values.
The step response of HMT when PCR is increased by a unit amount is then calculated.
Finally, the optimal operation amount of the target PCR to maintain the HMT near the



Metals 2022, 12, 1624 7 of 14

set point is calculated. To match the actual PCR with the target PCR, PI control is used to
adjust the PC flow rate.

First, the free response yf(t0 + k) is calculated by Equations (11) and (12) assuming that
the input variables at the current time step t = t0 are kept constant by fixing u(t0 + k) = u(t0).
Considering the fact that it takes about eight hours for the material to descend through
the furnace, k takes the values from 0 to 40 to predict up to ten-hour-ahead HMT. Figure 4
shows an example of the free response calculation. The origin of the horizontal axis is the
moment when the prediction is performed. Figure 4a through f show the input variables of
the 2D transient model, where the vertical axes are mean-centered. Figure 4g shows the
free response of HMT by the blue solid line, where the vertical axis is the deviation from
the set point. In this example, it is predicted that HMT decreases because CR is decreased
at −15 h and−4 h.
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Figure 4. Calculation of free response and step response of HMT: (a) blast volume, (b) enrichment
oxygen flow rate, (c) PC flow rate, (d) blast moisture, (e) blast temperature, (f) coke rate, (g) hot metal
temperature, (h) step response of HMT to PCR.

The response of HMT when PCR is perturbed by ∆PCR0 = 10 kg/ t, i.e., yPCR(t0 + k),
is then calculated. The operation of increasing PCR by ∆PCR0 is denoted as ∆u1 =

(0, 0, ∆PCI0, 0, 0, 0)T , and yPCR(t0 + k) is calculated by Equations (11) and (12), fixing
u(t0 + k) = u(t0) + ∆u1. The operation amount of the PC flow rate, i.e., ∆PCI0, was
obtained by multiplying the current Prod and ∆PCR0. yPCR is indicated by the green
dashed line in Figure 4g. The step response of HMT to the PCR manipulation was then
extracted by subtracting yf from yPCR and dividing by ∆PCR0, as shown in Figure 4h.

SPCR(k) = (yPCR(t0 + k)− yf(t0 + k))/∆PCR0 (13)

The step response of HMT to the PCR manipulation starts to increase at 4 h. The
reason for this dead time before HMT increases is as follows. The oxygen blown through
the tuyeres is used to combust coke or PC in the raceway. Therefore, when the PC flow rate
is increased under a constant oxygen flow rate, the coke combustion rate decreases. While
PC is blown in at room temperature, coke is heated in the furnace and then combusted in
the raceway. Hence, as the PC flow rate increases, the raceway gas temperature decreases
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due to the decrease in the combustion rate of hot coke. This decrease in the raceway gas
temperature suppresses the increase of HMT for the first four hours.

The next step is to derive the optimal operation amount of PCR for controlling HMT.
The future HMT was approximated by the linear combination of the free response and the
step responses, which is shown by the blue line in the top row of Figure 5.

yp(t0 + k) = yf(t0 + k) + ∑Tc
i=0 SPCR(k− i)θ(i) (14)

where θ(i) ∈ Z is the operation amount of PCR at time step t0 + i, which is the decision
variable in the NMPC algorithm. A time series of θ(i) is indicated by the red arrows in the
bottom row of Figure 5. Since the operators keep the target PCR to an integer value, the
range of θ(i) was restricted to integers. Tc is the control horizon, and it was set to 4 because
the operators decide the control actions for the next one hour.
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Since the operators tend to perform the minimum control actions necessary to achieve
the control objective, the following evaluation function, which is indicated by the orange
area in the top row of Figure 5, was designed.

J = ∑Tp
k=Td

αU(k)2 + αL(k)2 (15)

where Tp is the prediction horizon, which was set to 40. Td corresponds to the dead time
of the step response of HMT, which was set to 16. αU(k) ∈ R+ and αL(k) ∈ R+ are the
amounts by which the future HMT is above the upper bound yU and below the lower
bound yL, respectively.

yp(t0 + k) 5 yU + αU(k) (16)

yp(t0 + k) = yL − αL(k) (17)

yU and yL were set to the target HMT +5 ◦C and −5 ◦C, respectively.
In addition, constraints on the operation amount of the target PCR by one control

action were also set.
|θ(i)| 5 θmaxδ(i) (18)

|θ(i)| = θminδ(i) (19)

where θmax and θmin are the maximum and minimum operation amounts, which were set
to 5 and 2, respectively. δ(i) ∈ (0, 1) is the switch variable to keep or change the PCR. Using
this switch variable, the operation amount is guaranteed to be more than θmin when the
target PCR is changed.

As described above, under the constraints of Equations (16) through (19), the time
series of θ(i) is determined by mixed integer quadratic programming (MIQP) so that the
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evaluation function J in Equation (15) is minimized. The optimal operation amount of
PCR at the current time, ∆PCRopt, is the first element of the time series of θ(i), that is,
∆PCRopt = θ(0).

The PCR tracking control to calculate the operation amount of PC flow rate so that the
actual PCR and the target PCR match is also described here. After ∆PCRopt is obtained by
the NMPC algorithm, the operation amount of the PC flow rate is calculated by

∆PCIopt = −
(
γ0δPCR0 + γ1(δPCR0 − δPCR1) + ∆PCRopt

)
Prod0 (20)

where δPCR0 and δPCR1 are the control deviation of PCR at the current time step and
the previous time step, respectively. γ0 and γ1 are the relaxation coefficients. Prod0 is the
production rate at the current time step.

3. Results and Discussion

This section presents the results of the validation of the NMPC algorithm. First, the
control simulations are executed under the disturbance of changes in CR, BV, and EO. The
automatic HMT control system using this control algorithm is then implemented in the
actual furnace, and its effectiveness in reducing HMT variation is evaluated.

3.1. Control Simulation Results

In the conventional manual operation, the operators decrease CR gradually and
manipulate BV and EO to achieve the target production rate as long as ∆P is below the
upper bound, as shown in Figure 2. In addition, they increase CR and decrease BV
simultaneously when ∆P exceeds the upper bound. The control simulations were carried
out under this operation rule, the details of which are shown in Appendix A. Figure 6 shows
the flowchart of the control simulation. The target PCR and PC flow rate are manipulated
using the NMPC algorithm described in Section 2.3 to investigate whether the developed
control algorithm can suppress the effects of disturbance due to the changes in CR and BV.
For the simplicity of the simulation, EO was adjusted proportionately to BV. BM and BT
were not manipulated in this simulation.
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Determine ΔPCR 
by NMPC algorithm 

Determine ΔBV and ΔCR
according to operation rule 
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Figure 6. Flowchart of control simulation.

First, the input variables in Table 3 were fed to the 2D transient model until the periodic
steady state was reached, and the NMPC algorithm was then activated. Figure 7 shows
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the results of the simulation, where the origin of the horizontal axis is the moment when
the NMPC algorithm was activated. The left column shows the variables which can be
manipulated, and the right column shows the outcomes of the operation, i.e., HMT, Prod,
and ∆P. The Prod was calculated by substituting the estimates by the 2D transient model
into Equations (2) and (3). The ∆P was obtained by subtracting the top gas pressure from
the gas pressure at the height of tuyere.

Table 3. Standard operation condition used in control simulation.

Input Variables Value

Blast volume (BV) 5200 Nm3/min
Enrichment oxygen flow rate (EO) 500 Nm3/min

Blast moisture (BM) 7 g/Nm3

Blast temperature (BT) 1130 ◦C
Pulverized coal flow rate (PCI) 1120 kg/min

Coke rate (CR) 332 kg/t
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Figure 7. Control simulation result: (a) coke rate, (b) pulverized coal rate, (c) PC flow rate,
(d) blast volume, (e) enrichment oxygen flow rate, (f) hot metal temperature, (g) production rate,
(h) pressure drop.

An operational trend similar to that in Figure 2 was reproduced by the control sim-
ulation. According to the operation rule, CR was lowered gradually from 0 to 30 h, and
it increased ∆P during the same period. BV and EO were also manipulated to achieve
the target production rate. When ∆P reached the upper bound at 39 h, BV and EO were
decreased and CR was increased. The CR was lowered and BV was increased again from
40 h to 78 h. To counteract these disturbances, the NMPC algorithm properly manipulated
the target PCR to cancel the effect of the change in CR on HMT. For example, the target PCR
was increased from 5 h to 36 h to compensate for the decrease of CR, and it was decreased
rapidly around 40 h to suppress the effect of CR increase on HMT. The PCR tracking control
appropriately manipulated the PC flow rate to match the actual PCR and the target PCR.
As a result, HMT was maintained within the target value ±10 ◦C.
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3.2. Evaluation in Actual Operation

An automatic control system based on the NMPC algorithm was implemented in
the actual blast furnace. Figure 8 shows the operational trend for 120 h. The red dashed
lines and blue solid lines represent the target value (or upper bound) and actual values,
respectively. The manipulated variables by the control system are the target PCR and PC
flow rate shown in Figure 8b,c. The other variables in the left column, i.e., CR, BV, and EO,
were manipulated by the operators. The right column shows the results of the operation,
i.e., HMT, Prod, and ∆P. The vertical axes in the left column are all mean-centered, whereas
those in the right column show the difference from the target value (or upper bound) at
time zero.
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The operators manipulated BV and EO in response to the changes in target Prod at
10 h and 30 h. Since ∆P reached the upper limit at 55 h and 90 h, BV and EO were decreased,
followed by the increase in CR. While ∆P was below the upper bound, BV and EO were
manipulated to achieve the target Prod and CR was decreased to reduce the operating costs.

Despite the large changes in CR, BV, and EO, HMT was kept within the target value
±20 ◦C as shown in Figure 8f, because the developed control system appropriately manip-
ulated the target PCR and the PC flow rate. For instance, the target PCR was increased by
20 kg/t at around 52 h to suppress the decrease in HMT due to the decrease of CR at 48 h.
The target PCR was decreased by 20 kg/t around 96 h to cancel the effect of CR increase at
92 h. In addition, the target PCR and actual PCR were matched by appropriately manipu-
lating the PC flow rate according to the decrease and increase in Prod due to changes in BV
and EO from 92 h to 110 h.

Figure 9 shows a histogram of the deviation of HMT from its target before and after
the introduction of the developed control system. Conventionally, the operators controlled
HMT to a value higher than the target value to avoid operational risks due to an excessively
low HMT, and consumption of excess reducing agent was an issue. The developed control
system successfully reduced the root mean square (RMS) of the control error by 3.4 ◦C,
and decreased the average control error by 4.6 ◦C without increasing the frequency of
excessively low HMT, i.e., less than −30 ◦C. According to the step response calculation
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when the PC flow rate is increased, the increase in RAR by 1 kg/t increases HMT by
approximately 2 ◦C at a steady state [9]. Hence, the reduction of the average control error
of HMT by 4.6 ◦C leads to the decrease of RAR by 2.3 kg/t. This decrease in RAR reduces
the amount of CO2 by 20 kt/y. Currently, the developed control system has been used
continuously in the actual operation, but it is difficult to apply the control system to highly
transient operating conditions such as during the transition period from stoppage to normal
operation. The authors will further expand the range of applications of the developed
control system by improving the accuracy of the 2D transient model in future work.
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4. Conclusions

In this paper, a control algorithm using nonlinear model predictive control (NMPC)
was developed to control hot metal temperature (HMT). Simulation verification under
operating conditions simulating a real plant showed that the algorithm generates control
actions of pulverized coal rate (PCR) similar to those by the operators and maintains HMT
within the target value ±10 ◦C. Furthermore, the automatic control system based on this
control algorithm was implemented in an actual plant. As a result, the developed control
system suppressed the effects of disturbances of changes in the coke rate (CR) and blast
volume (BV) and successfully reduced the average control error of HMT by 4.6 ◦C compared
to the conventional manual operation. The developed control system has contributed to
the reduction of RAR and CO2 emissions.
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Nomenclature

BM Blast moisture g/Nm3

BT Blast temperature ◦C
BV Blast volume Nm3/min
Cp Specific heat J/kg/K
CR Coke rate kg/t
E Heat exchange coefficient W/m3/K
EO Enrichment oxygen flow rate Nm3/min
mi,j Molar ratio of substance i in reaction j -
Oore Oxygen amount in unreduced iron ore kmol/t
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Pg Gas pressure Pa
PCI Pulverized coal flow rate kg/min
PCR Pulverized coal rate kg/t
Prod Production rate t/min
q Heat-loss through furnace wall W/m2

R Reaction rate kmol/m3/sec
Rg Gas generation rate kg/m3/sec
SPCR Step response of HMT to PCR ◦C/(kg/t)
T Temperature ◦C
u Input variables -
ufe Molar velocity of iron kmol/m2/sec

ug Mass velocity of gas kg/m2/sec

u0
g Molar velocity of gas kmol/m2/sec

VO
in Amount of oxygen blown into furnace kmol/min

VO
out Amount of oxygen in top gas kmol/min

Vtop Top gas flow rate kmol/min
x State variable -

X1 − X5
Molar ratio of gas component
1: N2, 2: CO, 3: CO2, 4: H2, 5: H2O -

X6 − X9
Mol fraction of iron component
6: O (contained in FeOx), 7: [C], 8: [Si], 9: H2O (liq) -

Xc Volume ratio of coke m3-coke/m3-bed
Xo Volume ratio of ore m3-ore/m3-bed
Xφ Volume ratio of gas component φ -
y Controlled variable -
α Control error of HMT ◦C
γ Relaxation coefficient of PCR tracking control -
δ Switch variable -
∆HR Reaction heat J/kmol
∆P Pressure drop Pa
∆PCI Operation amount of PC flow rate kg/min
δPCR Control error of PCR kg/t
∆PCR Operation amount of target PCR kg/t
η Distribution ratio of reaction heat -
θ Decision variable in MIQP kg/t
ρc Apparent density of coke kg/m3-coke
ρfe Iron density in sintered iron ore kmol/m3-ore
ρg Density of gas kg/m3

Appendix A

The details of the operation rule are explained here. As long as ∆P is below the upper
bound, BV was manipulated so that the actual Prod matched the target Prod. The operation
amount of BV was fixed to ∆BV0 = 100 Nm3/min. CR is lowered by ∆CR0 = 5 kg/t to
reduce the operating costs.

∆BV = −∆BV0 ∗ sign(max(Prod(t0)− ProdU, 0) + min(Prod(t0)− ProdL, 0)) (A1)

∆CR = −∆CR0 (A2)

where Prod(t0) is the estimated Prod at the current time step, and ProdU and ProdL are
the upper bound and lower bound of Prod which were set to the target Prod + 0.05 t/min
and—0.05 t/min, respectively.

When ∆P is above the upper bound, BV is decreased by ∆BV1 = 300 Nm3/min and
CR is increased by ∆CR1 = 20 kg/t to decrease ∆P.

∆BV = −∆BV1, ∆CR = +∆CR1 (A3)
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The interval of control actions was restricted to 2 h for BV manipulation and 8 h for
CR manipulation, regardless of ∆P.
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