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A B S T R A C T   

Accurate process control through automation is the key to achieving efficient and stable operation of a blast 
furnace. In this study, we developed an automatic control system of hot metal temperature (HMT). To cope with 
the slow and complex process dynamics of the blast furnace, we constructed a control algorithm that predicts 
eight-hour-ahead HMT using a two-dimensional (2D) transient model and calculates optimal target pulverized 
coal ratio (PCR) and pulverized coal flow rate by non-linear model predictive control (NMPC). An evaluation in a 
real plant showed that the developed control system suppressed the effects of disturbances, such as changes in 
the coke ratio and blast volume, on the HMT. The root mean square (RMS) of the control deviation of HMT was 
successfully reduced by 1.6 ◦C compared to the conventional manual operation.   

1. Introduction 

Blast furnaces produce hot metal from raw materials such as sintered 
iron ore and coke and are still operated manually by skilled operators. 
Low production costs and CO2 emissions require a reduction of the 
reducing agent ratio (RAR), which makes it more difficult to operate the 
furnace in a stable manner. Precise control of the furnace state through 
process automation is the key to realizing efficient and stable operation 
(Iffat et al., 2018; Sprin et al., 2021; Rybolovlev et al., 2015). 

In the blast furnace, it is crucial to maintain a constant temperature 
of hot metal drained from the furnace bottom. If the hot metal tem
perature (HMT) becomes too low, the hot metal and its byproduct, i.e., 
slag, solidify in the furnace, and it may lead to shut-down. On the other 
hand, an excessively high HMT results in an excess consumption of the 
reducing agent. Maintaining the HMT at a lower bound with small 
variations would allow both the reduction of RAR and a stable 
operation. 

The slow and complex process dynamics of the blast furnaces makes 
HMT control difficult. Although operators adjust manipulated variables 
based on future predictions of the HMT, it is difficult to accurately 
predict the effects of previous control actions on the future HMT due to 
the large time constant of more than eight hours, and the control actions 

tend to be excessive. As a result, the deviation of HMT from its set point 
becomes too large, which is a common issue in manual operations 
(Hashimoto et al., 2019a). In addition, the same problem occurs when 
we use classical control methods such as PID control due to the large 
time constant and dead time. 

Numerous methods have been proposed to control HMT and the Si 
content in the hot metal, which are the indicators of the heat level in a 
blast furnace. Jiang et al. developed an operation guidance system to 
maintain a constant Si content using a recurrent neural network based 
on feature selection (Jiang et al., 2020). Azadi et al. achieved an accu
rate prediction of the Si content by using a hybrid model combining first 
principles and data-based models (Azadi et al., 2022a, 2022b). Agrawal 
et al. developed a proactive thermal indicator based on the energy 
balance for controlling HMT (Agrawal et al., 2019). We developed a 
two-dimensional (2D) transient model of the blast furnace (Hashimoto 
et al., 2019b), and achieved the accurate prediction of the 
eight-hour-ahead HMT by embedding moving horizon estimation 
(MHE) (Hashimoto et al., 2019c). We also implemented an operation 
guidance system to control HMT by non-linear model predictive control 
(NMPC) in real plants (Hashimoto et al., 2019b). However, these con
ventional technologies are all limited to be used in operation guidance 
systems, which present the recommended control actions to human 
operators. In this study, we developed a control system to realize the full 
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automation of HMT control and verified its control performance in an 
actual plant. 

The selection of appropriate manipulated variables is an issue for 
controlling HMT. The HMT can be controlled by manipulating the pul
verized coal ratio (PCR), which is the amount of pulverized coal per ton 
of hot metal, the coke ratio (CR), the blast moisture (BM), and the blast 
temperature (BT). There are practical restrictions on most of these 
manipulated variables, however. CR is rarely actively manipulated to 
control HMT to reduce operation costs. The BM should be kept near the 
lower limit since the addition of moisture requires an excess amount of 
reducing agent to compensate for heat absorption by the decomposition 
of water vapor. In recent years, the BT has been kept at the upper limit in 
an attempt to reduce RAR. Since CR, BM, and BT are less suitable for use 
as manipulated variables, PCR was selected as the manipulated variable 
in the developed control system. 

In this study, a cascade control system was constructed as shown in 

Fig. 1, which consists of an outer HMT control loop and an inner PCR 
tracking control loop. The HMT controller calculates the target PCR 
based on the future prediction of HMT, and the PCR tracking controller 
calculates the pulverized coal (PC) flow rate using the predicted PCR. 
Both future HMT and PCR are predicted by the 2D transient model 
considering the effect of disturbances such as coke ratio and blast vol
ume. The period of calculating the control actions of the target PCR and 
PC flow rate is 15 min. We also developed a closed-loop control system 
that automatically (or semi-automatically, requiring the operator’s 
approval) executes the control actions. We finally evaluated the control 
accuracy of HMT in the real plant. 

The outline of this paper is as follows. Section 2 explains the algo
rithms of the HMT control and the PCR tracking control and the 
implementation method of these control algorithms. Section 3 describes 
the optimization results of target PCR and PC flow rate by the HMT 
control and PCR control, respectively, and demonstrates the control 

Nomenclature 

BM Blast moisture g/Nm3 

BT Blast temperature ◦C 
BV Blast volume Nm3/min 
Cp Specific heat J/kg/K 
CR Coke ratio kg/t 
E Heat exchange coefficient W/m3/K 
EO Enrichment oxygen flow rate Nm3/min 
N Latest charge number - 
PCI Pulverized coal flow rate kg/min 
PCR Pulverized coal ratio kg/t 
Prod Production rate t/min 
q Heat-loss through furnace wall W/m2 

R Reaction rate kmol/m3/s 
SPCR Step response of HMT to PCR ◦C 
T Temperature ◦C 
ufe Molar velocity of iron kmol/m2/s 
ug Mass velocity of gas kg/m2/s 
u(t) Input variables - 
VO2 Total oxygen flow rate Nm3/min 

WHM Estimated amount of hot metal t/ch. 
x(t) State variables - 
Xc Volume ratio of coke m3-coke/m3-bed 
Xo Volume ratio of ore m3-ore/m3-bed 
XO2 Oxygen volume ratio of air - 
y(t) Output variables - 
α Relaxation coefficient of HMT control - 
β Regression coefficient - 
γ Relaxation coefficient of PCR tracking control - 
ΔHR Reaction heat J/kmol 
ΔPCI Operation amount of PC flow rate kg/min 
δPCR Control error of PCR kg/t 
ΔPCR Operation amount of PCR kg/t 
η Distribution ratio of reaction heat - 
ρc Apparent density of coke kg/m3-coke 
ρfe Iron density in sintered iron ore kmol/m3-ore 
ρg Density of gas  kg/m3 

τ1 Interval of control action s 
τ2 Time until automatic execution s  

Fig. 1. Outline of automatic hot metal temperature control system.  
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performance of the developed control system in the real plant. Finally, 
Section 4 concludes the paper. 

2. Methodology 

This section describes the 2D transient model used in the developed 
control system, the method of calculating the optimal target PCR for 
HMT control, and the method of calculating the optimal PC flow rate for 
PCR tracking control. The implementation method of HMT control and 
PCR tracking control in a real plant is also presented. 

2.1. 2D transient model 

Various blast furnace models have been developed (Abhale et al., 
2020), including one-dimensional (1D) transient models (Hashimoto 
et al., 2019a; Saxén, 1990), 2D steady-state models (Fu et al., 2014), 2D 
transient models (Hashimoto et al., 2018; Castro et al., 2000), and 
three-dimensional (3D) transient models (Shen et al., 2016; Jiao et al., 
2020). In this study, HMT is calculated based on a 2D transient model 
which reproduces the layered structure of raw materials in the blast 
furnace (Hashimoto et al., 2019b). This 2D transient model consists of 
four sub-models: gas flow model, solid flow model, mass balance model, 
and energy balance model. The energy balance model calculates the 
temperatures of the gas, coke, and iron considering the reaction heat and 
the heat exchange. 

∂
(
ρgCp,gTg

)

∂t
+∇⋅

(
Cp,gTgug

)
=

∑

j
ηg,jΔHRj Rj + Eg,fe

(
Tfe − Tg

)

+ Eg,c
(
Tc − Tg

)
+ q (1)  

∂
(
ρcCp,cXcTc

)

∂t
=

∑

j
ηc,jΔHRj Rj + Efe,c

(
Tfe − Tc

)
+ Eg,c

(
Tg − Tc

)
(2)  

∂
(
ρfeCp,feXoTfe

)

∂t
+∇⋅

(
Cp,feTfeufe

)
=

∑

j
ηfe,jΔHRj Rj + Eg,fe

(
Tg − Tfe

)

+ Efe,c
(
Tc − Tfe

)
(3)  

The subscripts g, c, and fe denote gas, coke, and iron, respectively. The 
subscript j means the index of the reaction listed in Table 1. The vari
ables are listed in Nomenclature. 

The HMT and the production rate (Prod) of hot metal can be calcu
lated by the 2D transient model with the six input variables: blast vol
ume (BV), enrichment oxygen flow rate (EO), PC flow rate (PCI), blast 
moisture (BM), blast temperature (BT), and coke ratio (CR). 

2.2. HMT control 

The 2D transient model in Section 2.1 is expressed in the form of a 
nonlinear state-space model using Eqs. (4 and 5). 

x(t + 1) = f (x(t), u(t)) (4)  

y(t) = C(x(t)) (5)  

where x(t), u(t), and y(t) are the state variables, input variables, and 
output variables at time step t, respectively. The nonlinear function f is 
obtained from the 2D transient model. The state variables x(t) represent 
the spatial distribution of the variables such as the temperatures of the 
gas, coke, and iron, the oxidation degree of iron, and the hot metal 
composition in radial and height direction. The input variables are 
denoted as u(t) = (BV(t),EO(t),PCI(t),BM(t),BT(t),CR(t))T . The output 
variables y(t) = (y1(t), y2(t))T are HMT and Prod calculated from the 
state variables by the function C. y1 and y2 are used in the HMT control 
and the PCR tracking control, respectively. The time step of the 
nonlinear state-space model was set to 15 min, which is approximately 
half of the measurement interval of the HMT. 

The PCR, which is the manipulated variable for HMT control, is 
calculated from the PC flow rate and Prod. 

PCR =
PCI [kg/min]
Prod [t/min]

(6)  

To control HMT, first, the target PCR is manipulated, and then the PC 
flow rate is adjusted to achieve the target PCR. 

The outline of the HMT control to determine the target PCR is as 
follows. We approximate the transition of future HMT at the current 
time step t = t0 by the linear combination of the free response of HMT 
when the current input variables are kept constant in the future and the 
step response of HMT to PCR. 

y1(t0 + k) = yf,1(t0 + k) + SPCR(k|t0)ΔPCR (7)  

where yf,1(t0 +k) is the free response, SPCR(k|t0) is the step response 
coefficient, and ΔPCR is the operation amount of PCR. To predict up to 
the ten-hour-ahead future, k takes values from 0 to 40. This prediction 
horizon was adopted since it takes about eight hours for the raw material 
to descend through the furnace. The optimal ΔPCR is determined so that 
the future HMT is close to the target value. 

First, we predict the free response of HMT by Eqs. (4 and 5) with the 
fixed input variables, i.e., u(t0 + k) = u(t0). The response of HMT when 
PCR is perturbed by +10 kg/t, i.e., yPC,1(t0 + k), is then calculated. The 
operation of increasing PCR by 10 kg/t is denoted as Δu1 =

(0, 0,ΔPCI0, 0, 0, 0)T, and yPC,1(t0 +k) is calculated by Eqs. (4 and 5) 
by fixing u(t0 + k) = u(t0)+ Δu1. The increase in the PC flow rate 
(ΔPCI0) was determined by the product of the increase in PCR and the 
current production rate. The step response of HMT to the unit manipu
lation of PCR is derived by taking the difference between the predicted 
HMT and the free response. 

SPCR(k|t0) =
(
yPC,1(t0 + k) − yf,1(t0 + k)

)/
10 (8) 

The step response coefficient SPCR(k|t0) needs to be updated when the 
control action is calculated because of the nonlinearity of the process 
dynamics. Fig. 2 shows the step responses of HMT when the PCR is 

Table 1 
Reactions in 2D transient model.  

Symbol Notes 

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)

Fig. 2. Step response of HMT when PCR is increased by 10 kg/t.  
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increased by 10 kg/t under two different operating conditions. The input 
variables in Table 2 were fed to the 2D transient model until the state 
variables reached the steady state, and the PC flow rate was then 
increased by ΔPCI0. The output variables at the steady state before the 
PC flow rate is increased are also shown in Table 2. Because of high CR, 
the calculated HMT in case 2 is higher than that of case 1 by around 
100 ◦C. Fig. 2 indicates that the step response of HMT is slower in case 2, 
where HMT is higher. This nonlinearity is caused by the nonlinear 
dependence of reaction rates listed in Table 1 on the temperatures of gas 
and solids. 

Finally, the optimal operation amount of PCR (ΔPCR) is determined 

such that the predicted HMT after the k1 time step is within the target 
range. 

ΔPCR = − α
(
max

(
yf,1(t0 + k1) − TU, 0

)

+min
(
yf,1(t0 + k1) − TL, 0

))/
SPCR(k1|t0)

(9)  

where α is a relaxation coefficient. TU and TL are the upper and lower 
limits of HMT, which were set to the target HMT +5 ◦C and − 5 ◦C, 
respectively. With this control law, ΔPCR becomes zero while the pre
dicted HMT is within the target range, i.e., between TU and TL. This is 
consistent with the operator’s sense of operation that the minimum 
necessary control actions should be taken. The target PCR is then 
updated by adding ΔPCR to the current target PCR (PCR0

ref). 
The parameter k1 in Eq. (9), i.e., how many hours ahead the pre

dicted HMT should be within the target range, needs to be optimized 
according to the immediate effect on HMT when PCR is changed. Ac
cording to the calculation of the step response in the previous work 
(Hashimoto et al., 2019c), the effect of PCR manipulation fully appears 
after about eight hours. Thus, k1 was set to 32 in this study. The relax
ation factor α was set to 0.4 as a result of evaluation in the actual 
operation (Hashimoto et al., 2019b). 

2.3. PCR tracking control 

To achieve the target PCR calculated by HMT control, the PC flow 
rate must be adjusted such that the actual PCR defined by Eq. (6) 
matches the target PCR. The production rate, which is the denominator 
of the right-hand side of Eq. (6), changes according to the descent speed 
of the raw material, and it is influenced by the changes in BV and EO. 
Fig. 3 shows the trends of HMT, PCR, Prod, PC flow rate, BV, and EO in 
the manual operation. The red dashed line and the blue solid line 
represent the target and actual values, respectively. HMT is the devia
tion from its target, and all the other variables are the difference from 
the mean values of the actual data. Since the production rate decreased 
because of the decrease in BV and EO while the PC flow rate was almost 
constant from 9 h to 18 h, the actual PCR remained higher than the 
target PCR. As a result, the actual HMT from 24 h to 36 h exceeded the 
target by more than 20 ◦C. Since the decrease in PCR control accuracy 
leads to the variations in HMT, the operation amount of PC flow rate 
should be optimized so that the actual PCR matches the target PCR. 

Fig. 4 shows a block diagram of the PCR tracking control to adjust the 
PC flow rate to match the actual PCR and target PCR. In the raceway, the 
oxygen contained in BV and EO consumes the coke by the combustion 
reaction, causing the sintered iron ore and coke to descend through the 
furnace. The production rate is therefore almost proportional to the total 
oxygen flow rate defined by VO2 = BV⋅XO2 + EO with the oxygen volume 
ratio XO2 in BV. Hence, the control law is switched according to the 
amount of change in VO2 . If the change in VO2 is large, feedforward 
control using the predicted PCR based on the predicted Prod (ProdFF) by 
the 2D transient model is used. Otherwise, feedback control using the 
actual PCR derived from the actual Prod (ProdFB) is used. 

The PCR tracking control algorithm determines the optimal opera
tion amount of PC flow rate, i.e., ΔPCI, as follows. 

ΔPCI = − (γ1⋅δPCR+ γ2⋅ΔPCR)Prod0 (10)  

where γ1 and γ2 are the relaxation coefficients. The control deviation of 
PCR, δPCR, is calculated by 

δPCR =
PCI(t0)

Prod0
− PCR0

ref (11)  

and the production rate, Prod0, is determined depending on the change 
in the total oxygen flow rate ΔVO2 for the last three hours. 

Prod0 =

{
ProdFF, |ΔVO2 | ≥ 50 Nm3/min

ProdFB, |ΔVO2 | < 50 Nm3/min
(12) 

Table 2 
Operating condition for step response calculation.  

Input variables Case 1 Case 2 

Blast volume (BV) 6770 Nm3/min 6770 Nm3/min 
Enrichment oxygen (EO) 280 Nm3/min 280 Nm3/min 
Pulverized coal flow rate (PCI) 950 kg/min 950 kg/min 
Blast moisture (BM) 26 g/Nm3 26 g/Nm3 

Blast temperature (BT) 1130 ◦C 1130 ◦C 
Coke ratio (CR) 360 kg/t 385 kg/t 

Output variables Case 1 Case 2 

Hot metal temperature (HMT) 1450 ◦C 1556 ◦C 
Production rate (Prod) 6.59 t/min 5.85 t/min  

Fig. 3. Example of HMT control by manual operation: (a) HMT, (b) PCR, (c) 
Prod, (d) PC flow rate, (e) BV, and (f) EO. 

R. Masuda et al.                                                                                                                                                                                                                                



Digital Chemical Engineering 7 (2023) 100085

5

The feedforward control adopts the predicted free response of Prod, 
i.e., yf,2(t0 + k), for ProdFF. The free response of Prod can be obtained 
simultaneously when calculating HMT free response by Eqs. (4 and 5) in 
Section 2.2. 

Since PCR can be changed instantly by manipulating the PC flow rate 
and the future Prod depends on the manual operation of BV and EO in 
the future, which is not known at the moment when the prediction is 
made, it is better to adjust the PC flow rate based on Prod in the near 
future. Hence, PCR tracking control is performed using the two-hour- 
ahead predicted Prod, that is, ProdFF = yf,2(t0 + 8). 

The feedback control is based on the current Prod obtained from a 
linear regression of the transition of the actual Prod. The actual Prod at 
the moment when the i-th charge is loaded, i.e., Ti, is expressed by 

Prod(Ti) =
WHM,i

Ti − Ti− 1
, (13)  

where WHM,i is the estimated amount of hot metal produced from the 
sintered iron ore in the i-th charge. The transition of the production rate 
of the most recent m charges is then linearly approximated by 

Prod
(
Tp
)
≈ β0 + β1Tp, (p=N,N − 1,…,N − m+ 1) (14)  

where N is the latest charge number. The least-squares method is used to 
obtain β0 and β1, and PCR control is performed using the current pro
duction rate at time T0, that is, ProdFB = β0 + β1T0. 

2.4. Implementation of HMT control and PCR tracking control 

Fig. 5 shows a flowchart of the developed control system. First, the 
optimal operation amount of the target PCR is calculated by HMT con
trol in Section 2.2. The optimal operation amount of PC flow rate is then 
calculated so that the actual PCR follows the target PCR using the PCR 
tracking control described in Section 2.3. Considering the calculation 
time of the 2D transient model, the period of calculating the control 
actions of the target PCR and PC flow rate is 15 min. 

To ensure that the control action is taken after the effect of the 
previous control action appears, the optimal control action is imple
mented when at least τ1 seconds have passed since the last control ac
tion. The PC flow rate is controlled by an existing PID control law 
embedded in a distributed control system (DCS) for PC injection, and it 

Fig. 4. Block diagram of PCR tracking control. The bidirectional red arrow shows the switching of the control law based on the change in the total oxygen flow rate.  

Fig. 5. Implementation method of HMT control and PCR tracking control at the actual plant.  
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takes about 30 min for the actual PC flow rate to follow the change of the 
set point. Hence, τ1 was set to 1800 s. 

The optimal control action is presented on the DCS screen before it is 
executed so that operators can anticipate the behavior of the control 
system. The developed control system has two control modes: automatic 
mode and semiautomatic mode. In the automatic mode, the optimal 
control action is automatically implemented unless the operator rejects 
it within τ2 seconds. In the semiautomatic mode, implementation of the 
optimal control action requires the operator’s approval. These modes of 
control correspond to levels 6 (management by exception) and 5 
(management by consent) of the levels of automation by Sheridan and 
Verplank (Sheridan and Verplank, 1978). 

The developed control system presents a pop-up window showing 
the optimal control actions on the DCS display as shown in Fig. 6. In this 
example, ΔPCR = +4 kg/t was obtained from the HMT control, and 
ΔPCI = +2.0 t/h was calculated by the PCR tracking control. The con
trol mode is the automatic mode, and the target PCR and PC flow rate are 
automatically manipulated unless the operator rejects this control action 
within 5 s. To convince the operator to perform the optimal control 
action, the justification (Reason in Fig. 6) for the control action is also 
presented. In Fig. 6, the reason for increasing the target PCR and PC flow 

rate was that HMT was expected to decrease due to a decrease in the 
coke ratio four hours earlier. 

3. Results and discussion 

This section shows the estimation accuracy of the 2D transient 
model, the optimization results of target PCR and PC flow rate by the 
HMT control and the PCR tracking control, respectively, and the control 
performance of the developed control system at the real plant. 

3.1. Estimation accuracy of 2D transient model 

Fig. 7 shows the estimation results of HMT and the production rate 
(Prod) of hot metal by the 2D transient model using the real operation 
data, where all the vertical axes are mean-centered. The left column 
shows the input variables of the 2D transient model. The red dashed 
lines in the right column show the estimated HMT and Prod and the blue 
solid lines show the actual values. The estimated HMT and Prod are in 
good agreement with the actual data. 

Since BM was decreased from 20 h to 24 h and CR was increased at 
24 h and 36 h, HMT increased by about 20 ◦C from 25 h to 45 h. BM was 
increased from 36 h to 48 h and the PC flow rate was decreased from 24 
h to 45 h, which resulted in the HMT drop of about 30 ◦C from 45 h to 50 
h. The large decrease of BV and EO at 45 h resulted in the decrease of 
Prod at around 48 h, and Prod increased from 48 h to 65 h as a result of 
the increase of BV and EO. These transitions of HMT and Prod in the real 
plant were reproduced accurately by the 2D transient model. 

3.2. Optimization of target PCR by HMT control 

Fig. 8 shows an example of optimization of target PCR by HMT 
control described in Section 2.2. The origin of the horizontal axis is the 
moment when the prediction is performed. Fig. 8(c) through (e) show 

Fig. 6. Example of optimal control action display.  

Fig. 7. Estimation accuracy of HMT and Prod by the 2D transient model. The six variables in the left column are the input variables of the 2D transient model.  
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the input variables of the 2D transient model, where the vertical axes are 
all mean-centered. Fig. 8(a) shows the calculated HMT by the green 
dashed line and the actual HMT by the blue solid line, representing the 
deviation from the target HMT. The calculated future HMT is the free 
response, whereas the calculated HMT in the past is the estimates using 
the actual input variables. In this example, since the CR was reduced at 
− 15 h and − 4 h, the HMT was predicted to be about 20 ◦C lower than the 
target in 10 h if no control action was taken. As a result, ΔPCR = +5 kg 
/t was obtained by Eq. (9) in order to compensate for the decrease in 
HMT as shown in Fig. 8(b). 

3.3. Optimization of PC flow rate by PCR tracking control 

Fig. 9 shows an example of calculating the optimal PC flow rate by 
the PCR tracking control described in Section 2.3. The origin of the 
horizontal axis is the moment when the prediction is made, and the 
vertical axes are the difference from the actual value at time zero. Fig. 9 
(c) through (e) shows the input variables of the 2D transient model. The 
green dashed lines in Fig. 9(a) and (b) shows the calculated PCR and 
Prod, and the blue solid lines show the corresponding actual data. The 
red dashed line in Fig. 9(a) shows the target PCR. In this case, the 
feedforward control was activated because BV and EO significantly 
decreased during the last one hour. It was predicted that Prod decreases 
due to the decrease in the total oxygen flow rate and that PCR increases. 
Hence, ΔPCI = − 4.5 t/h was obtained by Eq. (10) as shown in Fig. 9(c). 

3.4. Evaluation of control performance in actual operation 

The effectiveness of the developed control system was confirmed by 
comparing the control deviation of HMT when the target PCR and PC 
flow rate were manipulated by the developed control system and when 

they were manually operated. To prevent a sudden drop in HMT due to 
the malfunction of the system, the control mode was set to the semi
automatic mode. The operator accepted all the optimal control actions 
derived by the developed control system, i.e., they pressed the accept 
button in Fig. 6, as long as the interruption conditions shown in Table 3 
were not violated. 

Fig. 10 shows the operational results for 60 h when the control ac
tions by the developed control system were all implemented. Fig. 10(a) 
shows the deviation from the target value and Fig. 10(b) through (h) 
show the difference from the average. In Fig. 10(a) and (d), the blue line 
and the red line show the actual and target values, respectively. The blue 
circles in Fig. 10(c) and (e) are actual control actions, and the red tri
angles are the optimal ones provided by the developed control system. 
Since the operators accepted all the optimal control actions of target 
PCR and PC flow rate, the actual control actions follow the optimal ones. 

During this period, CR in Fig. 10(b) was gradually lowered by the 
operators to reduce the production costs, but HMT was controlled to 
near its target because the developed control system increased the target 
PCR as shown in Fig. 10(d) to compensate for the effect of the decrease 
in CR on HMT. In addition, the actual PCR followed the target PCR since 
the developed control system properly adjusted the PC flow rate as 
shown in Fig. 10(d) and (f), despite the change in the production rate 
shown in Fig. 10(h). 

Fig. 8. Example of calculating the optimal operation amount of PCR by HMT 
control. (a) shows the target, actual, and calculated HMT. (b) shows the target 
PCR, which is the manipulated variable for HMT control. (c) PC flow rate, (d) 
BV, and (e) CR are the input variables of the 2D transient model. 

Fig. 9. Example of calculating the optimal operation amount of the PC flow 
rate. (a) shows the actual and calculated PCR, (b) shows the corresponding 
actual and calculated Prod, and (c) PC flow rate, (d) BV, and (e) EO are the 
input variables of 2D transient model. 

Table 3 
Interruption conditions of using the developed control system.  

Item Condition 

Control error of HMT Higher than 35 ◦C or lower than − 30 ◦C 
Blast volume More than 2 h of low blast volume 

due to poor gas permeability  
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Fig. 11 shows the operational results for 60 h under the condition of 
large disturbances, with significant changes in CR and BV. All manipu
lations of target PCR and PC flow rate were performed by the developed 

control system. During this period, the resistance of the gas flow was 
high because low-quality materials were charged in the furnace. To cope 
with this condition, BV in Fig. 11(g) was therefore extensively 

Fig. 10. Real operational results of the developed control system: (a) HMT, (b) CR, (c) control action of PCR, (d) PCR, (e) control action of PC flow rate, (f) PC flow 
rate, (g) BV, and (h) Prod. Target PCR and PC flow rate are manipulated by the developed control system, whereas CR and BV are manipulated by operators. 

Fig. 11. Real operational results of the developed control system under the condition of large disturbances: (a) HMT, (b) CR, (c) control action of PCR, (d) PCR, (e) 
control action of PC flow rate, (f) PC flow rate, (g) BV, and (h) Prod. 
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Fig. 12. Real operational results of the developed control system for 11 day period: (a) HMT, (b) CR, (c) PCR, (d) PC flow rate, (e) BV, (f) Prod, and (g) low-quality 
material ratio. 

Fig. 13. Control accuracy of PCR and HMT by the developed control system.  
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manipulated by the operators, and the change in the production rate 
shown in Fig. 11(h) was larger than that in Fig. 10(h). The operators also 
increased CR at 8 h and 18 h to stabilize the gas flow and then gradually 
decreased CR after 33 h, as shown in Fig. 11(b). Despite these large 
disturbances, the HMT was controlled to the target value ±20 ◦C since 
the developed control system appropriately manipulated the target PCR 
and PC flow rate. 

Fig. 12 shows the operational results over an 11 day period which is 
different from Figs. 10 and 11. Fig. 12(a) shows the difference from the 
target HMT at time zero, and Fig. 12(b) through (f) shows the difference 
from the average during the period. During all periods shown in this 
figure, the developed control system manipulated the target PCR and PC 
flow rate and maintained the control error of HMT in a range from − 30 
to 35 ◦C. As shown in Fig. 12(g), during this period, the operation was 
conducted with a high ratio of low-quality materials, i.e., yard sinter and 
yard coke brought from outside the steelworks, and BV was frequently 
changed due to the unstable furnace state. Satisfactory control perfor
mance of the developed control system was also verified under these 
severe operating conditions. 

Fig. 13 shows a comparison of the control errors of HMT and PCR 
during the period when the developed control system was used and 
when the conventional manual operation was performed. The root mean 
square of the control error (RMSE) of PCR was reduced by 1.0 kg/t, and 
that of HMT was decreased by 1.6 ◦C. These results demonstrate the 
improvement of the developed control system over the fully manual 
operation. 

In the current operation, the CR is increased when the control error 
of HMT is lower than − 20 ◦C to facilitate the slag drainage, which in
creases the production cost. Assuming the lower bound of control error 
is − 20 ◦C, reducing the RMSE by 1.6 ◦C makes it possible to decrease the 
target HMT by 2.0 ◦C without increasing the frequency of reaching the 
lower limit. According to the sensitivity analysis in the previous study 
(Hashimoto et al., 2019a), the increase in PCR by 1.0 kg/t leads to the 
increase of HMT by approximately 2.0 ◦C in the steady state. Therefore, 
the developed control system can potentially decrease PCR by 1.0 kg/t 
by reducing the target HMT by 2.0 ◦C. This decrease in PCR reduces the 
amount of CO2 emission by 8 kt/y. 

4. Conclusion 

In this study, an automatic control system of HMT was developed to 
realize a more efficient and stable operation of blast furnaces. A control 
algorithm that calculates the optimal target PCR for HMT control and 
the optimal PC flow rate to match the target PCR with the actual PCR 
was developed using non-linear model predictive control. Results of an 
evaluation in a real plant showed that the developed control system 
suppressed the effects of disturbances, such as changes in the coke ratio 
and blast volume, on the HMT. The root mean square of the control 
deviation of HMT was successfully reduced by 1.6 ◦C as compared to 
conventional manual operation. 
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