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Precise control of hot metal temperature (HMT) is crucial for achieving stable operation of a blast fur-
nace, but it is difficult due to the sluggish dynamics caused by the huge heat capacity. To cope with such
difficulty, this work aims at developing a method that can predict future HMT by adopting moving horizon
estimation (MHE) based on a one-dimensional transient model. MHE is useful to successively adjust
model parameters so that the undesirable influence of past disturbances on the prediction is minimized.
The real application result demonstrated that the root mean square error (RMSE) of HMT of eight-hour-
ahead prediction was only 11.6°C. The high-performance prediction enables operators to realize the effi-

cient operation of the blast furnace.
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1. Introduction

In the steel industry, a blast furnace smelts and reduces
iron ore while consuming huge energy. The heat indices
of the furnace, such as the hot metal temperature (HMT),
are controlled by manipulating the coke ratio at the furnace
top, the blast moisture, and the pulverized coal (PC) flow
rate. Hot metal and its viscous byproduct, i.e. the slag, are
drained from tap holes. HMT needs to be controlled because
the slag drainage becomes extremely difficult when the heat
level becomes too low; on the contrary, the problem of
enormous fuel consumption and CO, emission occurs when
the heat level becomes excessively high.

The huge heat capacity of blast furnace leads to a long
response time of approximately 12 hours. Such slow
dynamics makes blast furnace operation difficult. Operators
frequently take excessive actions, which cause variation of
the HMT. To reduce the HMT fluctuation, it is useful to
provide the operators with the information on the future
prediction of the furnace state. Hence, the one-dimensional
(1D) transient model was developed to predict the future
HMT in the previous work."

Various blast furnace models have been developed: for
example, 1D steady-state model,” 1D transient model,”
2D steady-state model,*” and 3D transient model.®’ When
these models are used for process control, estimation errors
are caused by changes in the iron content of iron ore and
the carbon content of pulverized coal. Stochastic phenomena
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inside the furnace such as the fluctuation of burden descent
and the gas flow path make the prediction of furnace state
even more difficult. These disturbances also deteriorate the
prediction accuracy of HMT. To decrease the estimation
errors, it is effective to update the model parameters and
boundary conditions based on the measurement of process
variables such as the composition of the furnace top gas.

There have been numerous state estimation methods,
which can be classified into two types: the sequential
type such as Kalman filter” and particle filter,'” and the
non-sequential type such as moving horizon estimation
(MHE)'"'? and the adjoint method.'? The former modifies
the model parameters to coincide the calculated process
variables with the present actual data, whereas the latter
changes the model parameters in the past to reproduce the
actual time-series data.

In the case of the blast furnace with the large time
constant, the current estimation errors stem from the accu-
mulation of disturbances in the past. Hence, it is better to
adjust model parameters and boundary conditions so that
the trajectory of the estimated variables matches with actual
data. For this reason, we adopted the MHE approach, which
updates the model parameters in the past and features the
simple algorithm.

Appropriate selection of model parameters to be adjusted
by MHE is an issue. In this study, the fundamental cause
of the estimation errors was extracted using principal com-
ponent analysis (PCA) and the Rist diagram.'*'®) PCA is
a well-known multivariate analysis method, and the Rist
diagram graphically organizes the mass and heat balance of
blast furnace and helps users to easily understand its behav-
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ior. The analysis based on PCA and Rist diagram helps to
select model parameters to be adjusted for effectively reduc-
ing the estimation errors.

Figure 1 shows the outline of the future HMT predic-
tion using the 1D transient model and MHE. The solid line
indicates the online calculation, which is conducted succes-
sively. The dashed line shows the offline calculation, which
is carried out only once. The rest of this paper is organized
as follows. Section 2 describes the 1D transient model and
the key process variables that are used for evaluating the
estimation errors caused by the disturbances. Section 3 com-
pares the key process variables estimated by the transient
model with the actual ones measured in the real plant. The
estimation errors are analyzed by the PCA and Rist diagram,
and the appropriate model parameters to be adjusted by
MHE are selected. Section 4 presents the MHE algorithm
and confirms that the estimation errors are successfully
reduced by MHE. This section also evaluates the prediction
accuracy of eight-hour-ahead HMT by using 1D transient
model and MHE, and it is shown that adjusting the model
parameters in the past is necessary to predict the future
HMT accurately. Concluding remarks are given in section 5.

2. Transient Model and Key Process Variables

In this section, the 1D transient model” is briefly
described, and the simulation results are presented to show
the internal states and the time constant of the process.
Then, the key process variables are explained.

2.1. Transient Model and Simulation

The 1D transient model involves four sub-models: a gas
flow model, a reaction model, an energy balance model,
and a solid flow model. 12 reactions such as the CO gas
reduction and the coke gasification are taken into account.
Manipulated variables such as the flow rate of pulverized
coal and the coke ratio at furnace top were set as the bound-
ary conditions. The variables in the 1D transient model are
summarized in Table 1.

Eqations (1)—(3) show the energy balance model that
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Table 1. Variables in 1D transient model.

Symbol Notes Dimension
Cpe Specific heat of coke [J/kgK]
Cpe Specific heat of gas [J/kgK]
Cpre Specific heat of iron [J/kmolFe-K]
Cpsl Specific heat of slag (gangue) [J/kgK]

E Heat exchange coefficient [W/m?K]

h Overall heat transfer coefficient [W/m?K]

R Reaction rate [kmol/m’bed:s]

Uy Mass velocity of gas [kg/m?s]

Ufe Molar flux of liquid iron [kmolFe/m?:s]

ug) Mass velocity of slag [kg/m?s]

q Heat-loss through furnace wall [W/m?]

T Temperature [K]

Xe Volume ratio of coke [m3coke/m>bed]

Xo Volume ratio of ore [m3ore/m*bed]
AHRr Reaction heat [J/kmol]

n Distribution ratio of reaction heat [-]

Pe Apparent coke density [kgcoke/m>coke]

Pre Iron density in iron ore [kmolFe/m>ore]

Pl Gangue density in iron ore [kg/m’ore]

considers the reaction heat and heat exchange between the
solid and the gas.
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a(pcc‘p,c)(cTc ) _

ch,AHRjRj +Eg,c (Tg -T)
or -

+Efe,c (Tfe - Tc )

where subscripts g, fe, sl, and ¢ denote gas, iron, slag
(gangue), and coke. The subscript j denotes the indices of
the reactions. ¢ is the heat flux through the furnace wall, i.e.
heat-loss, described by

where subscript w denotes the cooling water. This heat sink
is incorporated in Eq. (1) as a source term.

The heat exchange coefficient £ is the product of the heat
transfer coefficient and the heat transfer area. The Ranz’s
equation'” was used to calculate the heat transfer coefficient
between the gas and the solid/liquid, regarding the liquid
iron/slag as the spherical droplet whose diameter is 0.015
m. The heat exchange area between the gas and liquid was
estimated by Mada’s equation.'® However, the equations
overestimated HMT; therefore factor 0.1 was multiplied
to the heat transfer coefficient between the gas and liquid
so that the calculated HMT coincides with actual HMT.
The heat exchange between the coke and the iron ore was
neglected, while that between the coke and the liquid iron/
slag was estimated based on the Taguchi’s work.'”

The convergence calculation by the implicit method was
conducted at each time step with the static calculation cells;
that is, the gas flow, the reaction, and the heat transfer are cal-
culated while the solid flow is suspended. Hence the convec-
tion terms regarding the solid flow do not appear in Egs. (2)
and (3), while the convection heat transfer by the liquid flow
is included in Eq. (2). The time step of the calculation was set
to 5 minutes, considering that the period of burden loading
is between 10 and 20 minutes. The heat transfer involving
the gas flow in Eq. (1) was regarded steady-state because
the residence time of gas in the furnace is within 3 seconds,
which is much shorter than the time step. The transient terms
in Egs. (2) and (3) are necessary since the residence time
of solid is more than 6 hours, which is longer than the time
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step. After the convergence, the solid moves downwards by
updating the calculation cells at each time step so that each
cell corresponds to one set of ore layer and coke layer.

When the process variables are calculated repeatedly by
the transient model with the constant manipulated variables,
they converge to the periodic steady state (hereafter referred
to as the steady state). Figure 2 shows a steady-state simula-
tion result of the temperature and the gas utilization ratio.
The zero point of the vertical axis corresponds to the tuyere
level. Input conditions are listed in Table 2.

Figure 2(a) shows the calculated temperature profile
of the furnace. The iron ore at low temperature is loaded
from the furnace top and heated through the heat exchange
with the gas. The simulation result indicates that a thermal
reserve zone’*?" is located between 6 and 13 m height.
In addition, another thermal reserve zone can be observed
between 15 and 18 m height, where the rising rate of the
burden temperature decreases by the endothermic reduction
of Magnetite.

Figure 2(b) shows the profile of the gas utilization ratio,
which is the conversion ratio of CO gas into CO, gas. The
chemical reserve zone is located between 8 and 13 m height,
where the reduction reaction becomes slow and the gas
composition reaches the equilibrium between Fe and FeO, gs.
Figure 3 shows the dependence of the CO/(CO+CO;) ratio
on the iron temperature. The CO/(CO+CO) ratio agrees with
the equilibrium line between Fe and FeO, o5 around 1 000°C.

To calculate the transient state of the process, the step
responses of HMT to the three important manipulated
variables for controlling HMT, i.e. the coke ratio, the blast
moisture, and the PC flow rate, were investigated. A step-

Table 2. Input condition of 1D transient model.

Value
6 770 Nm*/min

Manipulated variable

Blast volume

Coke ratio 367 kg/t-pig
PC flow rate 960 kg/min
Blast moisture 26 g/Nm?
Blast temperature 1133°C
Enrichment oxygen 284 Nm*/min
Top gas pressure 338 kPa
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wise change was given to each manipulated variable after
the steady state was achieved under the condition in Table
2, while the other manipulated variables were kept constant.

Figure 4(a) shows the step response of HMT to the
change of the coke ratio, where the vertical axes indicate the
difference from their steady-state values before the change
of coke ratio. HMT increased with 6 hours delay, which
corresponds to the burden descent time from the furnace
top to the tuyere level. Figure 4(b) shows the step response
of HMT to the blast moisture; the fast response of HMT is
confirmed. Figure 4(c) shows the step response of HMT to
the PC flow rate; the temperature rose gradually compared
with the case of blast moisture.

2.2. Key Process Variables
The process variables representing the reactions in a blast
furnace need to be calculated precisely because they strongly
affect the mass balance and the heat balance in the furnace.
The CO gas utilization ratio nco [—], which indicates the
conversion ratio of CO into CO,, is defined by

X CO»

Nco =—"—
Xco +Xco,

where X, denotes the volume ratio of component ¢ in the
furnace top gas. High 7nco means that the CO gas is effec-
tively used to reduce iron ore.
The production rate (Prod) [t/min] can be calculated by
the oxygen balance.
) 0
Prod = You =V
where V.o, [kmol/min] is the flow rate of oxygen from the
furnace top, Viy [kmol/min] is the oxygen input rate to the
tuyere, and O, [kmol/t] is the oxygen amount in unreduced
iron ore which has to be reduced to produce unit volume
of hot metal. V, is calculated from measurable variables
as follows.

Vogt = Viop(Xco +2Xco, + Xu,0)
where Vi, [kmol/min] is the flow rate of top gas.
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The reducing agent rate (RAR) [kg/t], which is the sum
of PC rate and coke rate per iron, is evaluated by

_ Vec + Veoke
Prod

where Vpc [kg/min] is the PC flow rate. The consumption
rate of the coke Ve [kg/min] can be estimated on the basis
of the carbon balance.

RAR

C C
‘/oul - ‘/in
Ccoke

where VS, [kg/min] is the outflow rate of carbon from the
furnace, Vis [kg/min] is the carbon input rate to the tuyere,
and Cgoke [] 1s the carbon content of the coke. 74 depends
on the reaction rates of the coke gasification and the carbu-
rization as follows.

Veoke =

Vot = Viop(Xco + Xco, )+ Prod -[C] cwveovvee. (10)

where [C] [kg/t] is the carbon content in the hot metal.

The solution loss carbon (SLC) [kg/t] is the amount of
carbon consumed by coke gasification reaction, which is an
endothermic reaction involving large heat absorption. SLC
is also calculated from the carbon balance.

Vou =Vin 125
Prod

SLC =

The process variables, e.g. gas composition of the top gas,
top gas flow rate, and PC flow rate, are measured every 30
minutes in the actual blast furnace. Based on the measure-
ments or the estimates of the process variables, nco, SLC,
Prod, and RAR are obtained through Eqgs. (5)—(11).

HMT and the four variables mentioned above, i.e. Tco,
SLC, Prod, and RAR are defined as the key process vari-
ables in this work. HMT is closely connected with RAR and
SLC, since the heat balance per iron in the lower furnace is
approximated by

qblast + RAR ° QC = SLC : (QSOI + qc ) + qHM + QSlag + qheatloss + é’

where guiast [kJ/t] is the sensible heat of hot blast, ¢, [kJ/kg]

© 2019 ISIJ
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is the reaction heat when the carbon is combusted in the
raceway, gso [kJ/kg] is the heat absorption of coke gasifica-
tion reaction, gum [kJ/t] is the sensible heat of hot metal,
Gslag [KJ/t] is the sensible heat of slag, and gneaross [KJ/t] is
the heat loss through the furnace wall. The term ¢ includes
the decomposition heat of blast moisture and the pulverized
coal. It also contains the reaction heat of carburization and
reduction of metalloids. HMT in the transient model corre-
sponds to the iron temperature at the tuyere level, whereas
HMT in the actual furnace is measured after the hot metal is
drained from tap holes. The sampling period of actual HMT
varies from 15 minutes to 40 minutes, and its 30-minute
average was used in this work.

3. Cause of Estimation Errors

This section provides the validation result of the transient
model with actual data. The cause of the estimation errors of
the key process variables is investigated with PCA and the
Rist diagram. Based on the result, the model parameters to
compensate the estimation errors are identified.

3.1. Estimation Results

The 1D transient model was validated by comparing the
calculated process variables including HMT and the real
ones. The temperature distribution, the oxidization degree
of iron, and the compositions of the gas and the hot metal
were calculated by running the model with the manipulated
variables shown in Fig. 5, where vertical axes show the
deviation from the mean values. The calculation results of
the key process variables and the corresponding actual data
are shown in Fig. 6, where vertical axes show the deviation
from the mean values of actual data. The estimation perfor-
mance was evaluated by RMSE (root mean square error).
Although complicated phenomena involving the liquid flow
are known to occur in the hearth region,?” the 1D transient
model does not take into account the residence time of the
liquid in the hearth region to make the model as simple as
possible. To simplify the model for its online use, the calcu-
lated HMT is shifted by 2 hours, assuming that the residence
time is 2 hours. Although estimates show the similar trend
to measurements, some discrepancy between them exists
during day 1 to 7 and during day 22 to 28.

3.2. Rist Diagram

In this work, the Rist diagram is used for analyzing the
cause of estimation errors, therefore it is briefly explained
here. Figure 7 outlines the Rist diagram, which organizes the
mass and heat balance of a blast furnace. The Rist diagram
shows the connections among the key process variables.

The horizontal axis (O/C) represents the degree of oxidi-
zation of carbon, which is 1 for CO gas and 2 for CO,. The
upper part of the vertical axis (O/Fe) represents the degree
of oxidization of Fe, which is 1.5 for unreduced iron ore
(FeO,s), 1.05 for partially reduced Wustite (FeO, s), and 0
for reduced iron (Fe). The slope of segment AE represents
RAR. The point W is the fixed point where the oxidization
degree of iron is 1.05, and the oxidization degree of carbon
is corresponding to the CO/CO; ratio at the equilibrium
between Fe and FeO, ¢s. The reduction efficiency HR/HW
is the degree of reaching the equilibrium.

© 2019 IS
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The segment TV includes the heat output from the lower
furnace: the sensible heat of the hot metal and the slag, and
the heat loss. The segment UV must pass the point P, which
is the intersection of the segments SQ and AE, under the
constraint of the heat balance in Eq. (12).

To improve the estimation accuracy of HMT, the behav-
ior of point V in the actual furnace has to be reproduced
by the model. Since the segment SQ is determined by blast
temperature, the point V is uniquely determined by the seg-
ment AE. Hence, it is necessary to calculate the movement
of the segment AE accurately.
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The segment AE has two degrees of freedom. When the
two of four variables, i.e. Mco, SLC, Prod, and RAR are
fixed, the rest two are determined. These constraints are
useful when analyzing the cause of the estimation errors.

3.3. Interpretation of Estimation Errors with PCA and
Rist Diagram

Figure 8 shows the correlation between the estimation
errors of the key process variables that are shown in Fig.
6. AX denotes the difference between the calculated values
and the actual values of variable X; calculated minus actual.
The strong correlations in Figs. 8(a) 8(b) 8(c) derive from
the fact that only two degrees of freedom exist among the
four variables: 1co, SLC, RAR, and Prod.

The errors of SLC and RAR cause that of HMT, as
indicated by Eq. (12). When the calculated RAR is larger
than the actual RAR, the calculated HMT becomes higher
than the actual HMT because more heat source per iron is
consumed in the calculation. When the calculated SLC is
larger than the actual SLC, the calculated HMT gets lower
than the actual HMT because more heat absorption occurs
in the lower furnace in the calculation.

Since the estimation errors of key process variables have
strong correlations, PCA was conducted to extract the root
cause behind the correlations. The principal components,
which best describe the data distribution in multi-dimen-
sional space, can be obtained by PCA. First, the estimation
error of each key process variable was normalized, and the
data matrix X was prepared as follows.

%=

Anco(D/Gse,
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AX and oy are the estimation error of variable X and its
root mean square error, respectively, and N is the number
of data points. oay was calculated by

Oax = fﬁ:AX(i)z/N. ...................... (14)
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covariance matrix X )~(/ (N —1). Figure 9 shows the first
two principal components; the vertical axis indicates the
loadings, i.e. the elements comprising the principal com-
ponents.

The first principal component shows the positive load-
ings of RAR and HMT and the negative ones of 1co and
Prod. When the calculated RAR becomes higher than the
actual one, 7Mco and Prod in the model become lower than
the actual ones. Then, it causes the increase of calculated
HMT compared with the actual one. Figure 10(a) shows
the interpretation of the first principal component with the
Rist diagram, where the increase of the slope of AE in the
calculation moves point A to the right, and moves point B,
point E, and point V downwards. Although the Rist diagram
has been originally used for the steady-state analysis, it is

© 2019 ISIJ
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useful to obtain the qualitative interpretation of the principal
components under the transient states.

The second principal component shows the positive load-
ings of Nco and HMT and the negative one of SLC, while
that of RAR is nearly zero. When the calculated reduction
efficiency increases under the condition of constant RAR,
TNco increases and SLC decreases in the model, and it leads
to the increase of the calculated HMT compared with the
actual one. Figure 10(b) shows the interpretation of the sec-
ond principal component with the Rist diagram, where the
downward movement of the segment AE, while keeping its
slope moves point A to the right, and moves point B, point
E, and point V downwards.

3.4. Model Parameters to Reduce Estimation Errors

It was found that the estimation errors can be explained
by the first two principal components. Hence, it is neces-
sary to identify the adjustable model parameters which cor-
respond to these principal components so as to reduce the
estimation errors by MHE.

The cause of the fluctuation of RAR, which seems to
correspond to the first principal component, is investigated.
RAR depends on the carbon content of the coke and the

(a) 1st principal component (b) 2nd principal component

<A A—

O/Fe /i
4

O/Fe

O/C O/C

— Calculated - - Actual

pulverized coal, and the iron content of the iron ore. These
values are not measured continuously and subject to analy-
sis errors. Since the coke is the dominant reducing agent in
blast furnaces, the coke ratio at the furnace top is multiplied
by the correction parameter o to take the effect of these
disturbances into consideration.

Figure 11(a) shows the response of the key process
variables when « is changed from 1.0 to 1.01. The solid
line in Fig. 12 shows the key process variables at 72 hours
in Fig. 11(a). All variables were normalized by the RMSE
of each variable, which was obtained by Eq. (14). Since a
similar pattern with the first principal component in Fig. 9
was obtained, ¢ is one of the effective model parameters to
reduce the estimation errors.

The cause of the fluctuation of the reduction efficiency,
which seems responsible for the second principal compo-
nent, is considered. Figure 13 shows the correlation between
RAR and 71co, where all variables are mean centered. The
variance of actual 7co under the condition of constant RAR
is larger than the calculated one. Stochastic phenomena in
the actual furnace, such as the change of gas flow path and

O : Coke ratio correction parameter o
A : Reduction equilibrium parameter 8
O : Heat-loss parameter y

1

0.5

Response at steady state

(Normalized)
|
o
(8]

Nco SLC RAR Prod HMT
Responses of the key process variables to coke ratio cor-
rection parameter, reduction equilibrium parameter, and

Fig. 12.

Fig. 10. Interpretation of Ist and 2nd principal components with heat-loss parameter at steady state. (Online version in
Rist diagram. (Online version in color.) color.)
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Fig. 11. Responses of key process variables to (a) coke ratio correction parameter, (b) reduction equilibrium parameter,
and (c) heat-loss parameter. (Online version in color.)
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Fig. 13. Correlation between RAR and 7co: (a) calculated data
and (b) actual data. (Online version in color.)

Table 3. Equilibrium of CO gas reduction reaction.

Substance Equilibrium
Peo, 603 +500(8 -1
FeO, 55/Fe (ﬂj - exp[¢70.862J
PC() eq. T
Peo, -3900+500(8 -1
FeO, 33/FeO o5 ( ;0 ) = EXP( - (=1 + 4-464)
CO Jeq.
Peo, -2104+500(8 -1
FeO, os/Fe [ PEO*) = CXP(—(ﬁ ) 72.657)
o

eq.

the variation in the reducibility of iron ore, may affect the
reaction speed of the iron ore reduction by CO gas.

To take the stochastic phenomena which fluctuate the
reduction efficiency into the model, a parameter which
adjusts the equilibrium of iron ore reduction is introduced.
It was assumed that the equilibrium of the CO gas reduction
is described by the equations in Table 3, where 3 is a model
parameter. The reason why we selected not the reaction rate
coefficient but the equilibrium as the parameter is as follows.
If the reaction rate coefficient is decreased to reproduce the
drop of the reduction efficiency, CO/(CO+CQO,) around
1 000°C in Fig. 3 deviates from the equilibrium line. This
deviation causes the chemical reserve zone to disappear.
Since the existence of chemical reserve zone is suggested
in blast furnaces, the equilibrium is used as the parameter to
reproduce the fluctuation of the reduction efficiency while
maintaining the characteristics of the model that involve the
chemical reserve zone.

The gain 500 in the equations of Table 3 was determined
so that the variations of the equilibrium which have been
reported” 2> can be explained by changing S from 0.5 to
1.5. Figure 14 shows the variation of equilibrium lines
when fis 0.8, 1.0, and 1.2. The adjustment of f3 is valid
because it is well known that the equilibrium depends on the
type of calcium ferrite**** contained in the sintered iron ore,
which is affected by the sintering process.*® Figure 11(b)
shows the response of the key process variables when f is
changed from 1.0 to 1.1. The dashed line in Fig. 12 shows
the key process variables at 72 hours in Fig. 11(b), which is
similar to the second principal component in Fig. 9.

In addition to the fluctuation of RAR and reduction
efficiency, the heat-loss through the furnace wall is known
to change depending on the gas flow path. The gas flow
tends to concentrate near the wall region and the biased
flow causes the increase in the heat-loss, especially when
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Fig. 14. Equilibrium of CO gas reduction reaction with different
reduction equilibrium parameter B. (Online version in
color.)

unburned char is accumulated in the dead-man due to
the excessive pulverized coal injection.”” The heat-loss is
multiplied by the factor y to incorporate this disturbance
into the model. Figure 11(c) shows the response of the key
process variables when 7 is increased from 1.0 to 1.1. The
key process variables at 72 hours are shown in Fig. 12 with
the dotted line.

From the viewpoint of the HMT estimation, the relation-
ship between RAR and HMT is crucial since RAR indicates
the heat source per unit mass of iron. The increase of y
involves the rise in RAR and the decrease in HMT, whereas
the increase of o causes the rise in RAR and HMT. The
response of RAR at steady state is nearly zero in the case of
B. Hence, vis an effective parameter to explain the correla-
tion between the estimation error of RAR and that of HMT.

4. Moving Horizon Estimation

In this section, the calculation procedure and results of
MHE are presented. In the present work, the three model
parameters, i.e. the coke ratio correction parameter ¢, the
reduction equilibrium parameter j, and the heat-loss param-
eter 7, are successively updated so that the calculated key
process variables coincide with the actual ones. After we
confirm that MHE can decrease the estimation errors of the
key process variables, the eight-hour-ahead prediction of
HMT is performed to justify adjusting the model parameters
in the past for the accurate prediction.

4.1. Calculation Procedure of MHE
In this work, the calculation process with the transient
model is expressed by the update of the state variables

x(t+1):f(x(t),u(t)), .................... (15)

where x(f) and u(?) are the state variables and the manipu-
lated variables at time step ¢, respectively. The nonlinear
function f is the developed 1D transient model. One time
step is 30 minutes, which was determined by taking account
of the process dynamics and calculation time. There are 7
manipulated variables listed in Table 2 and 15 state vari-
ables including the temperature, the oxidation degree of
iron, and the gas composition in each cell. The number of
cells is dynamically updated within the range between 30
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and 60; thus, the number of states is 15 times 30 (=450)
through 15 times 60 (=900).
The observation operator is defined as

(LTSl (()) IR—— (16)

where y(t) = [y1(2), 2(0), y3(0), a(0), ys()]" = [nco(?), SLC(D),
RAR(f), Prod(f), HMT(f)]" is the key process variables at
time step ¢, and C is the function to obtain the key process
variables from the state variables as described in section 2.2.
Figure 15 shows the procedure of MHE, which is com-
prised of 6 steps as described below.
Step 0: Set =1, B=1, y=1, and x(t—4)=xo, where x, is
the initial condition of the state variables.
Step 1: Calculate the state variables and the key process
variables during the past 4 time steps with Egs. (17)

and (18).
X(t—k+1) = f(x@ =k, 0t =k)) coovvorenne. (17)
Yt —k+1)=C(X(t=k+1)) ccovrrrrrrrnnne. (18)

where £ takes the values from A to 1. Actual data
of manipulated variables are used, and the model
parameters are kept constant.

Step 2: Preserve x(—A+1), which is used as the initial
condition at the next iteration.

Step 3: Derive the estimation errors of the key process vari-
ables during the past A4 time steps.

e(t—k)=Yui (k) =yt —k) ccveerren. (19)

where the suffix act means the actual values.

Step 4: Calculate the correction amount of the model param-
eters, i.e. Aa, AB, and Ay, so that the estimation
errors during the past A4/2 steps are expressed by
the combination of the responses, which are shown
in Fig. 11, as accurately as possible. In other words,
the sum of squared errors is minimized.

A
5 2 A A
min e, |t——+n|—-R| —+n |Aa

where e,(f) denotes the estimation error of the g-th
key process variable, and R/ (s) is the response of

B A time steps - >
X(t-A) = x(t-A+1) = x(t-A+2) - —> x(t)
Step 2: Step 1: Calculate state variables with transient model
Preserve state

Step 3: Derive estimation error
Step 4: Calculate correction amount of parameters
Step 6: Step 5: Update parameters

tt+1 >
X(t-A) = x(t-A+1)  Repeat Step 1- 6 x(t)

variables

v

Repeat Step 1 -6

Fig. 15. Outline of moving horizon estimation. (Online version in
color.)

© 2019 IS

the g-th key process variable to the model parameter
p at time step s; it is just like the s-th step response
coefficient.

Step 5: Update the model parameters.

O =+ A oo, 2D
BEBHAL o, (22)
YV +HAY e, (23)

Step 6: Update the time step; t«—¢+1. Go to step 1.

In the present work, the parameter 4 is set to 144 time
steps, i.e. 72 hours, because Fig. 11 shows that it takes about
3 days to reach the new steady-states. Further discussion on
how to determine A4 is described in section 4.3. The xq in
step 1 was set to the steady-state values of state variables
under the typical operating condition shown in Table 2.
R; (s), Rf (s), and R} (s) for 144 time steps are shown in
Figs. 11(a), 11(b), and 11(c), respectively. It takes more
than 36 hours for the key process variables to settle the new
steady states when the model parameters are changed; that
is, R} (s) for the first 36 hours is smaller than the steady-
state value. Hence, the correction amounts of the model
parameters may be estimated excessively large if the initial
period of the response is included. Thus, the recent 4/2 time
steps were set as the fitting period in step 4.

4.2. Estimation Results with MHE

Figure 16 shows the estimation result with the transient
model and MHE, i.e. y(¢) in step 1. Vertical axes show the
deviation from the mean values of actual data. Compared
with Fig. 6, the estimation errors of the key process vari-
ables decreased, except for SLC. MHE adjusts the model
parameters so that the sum of the estimation errors of the
five key process variables is minimized. Although the slight
increase of the estimation error of SLC is confirmed, the
estimation errors of 7nco, RAR and HMT reduced remark-
ably. In particular, the estimation error of HMT reduced by

—: Calculated -A-:Actual
Neo RMSE:
[-] 0.0102
SLC RMSE:
[kart] 3.21
RAR RMSE:
[kagr] 9.75
2 T T T T T
Prod o | RMSE:
[t/min] :; . . ‘ ‘ . 1 021
HMT | RMSE:
[°C] *1 178

Time [day]

Fig. 16. Estimation result of key process variables using 1D tran-
sient model and MHE. (Online version in color.)
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7.8°C. This result shows that MHE allows us to use the 1D
transient model persistently for the online control of HMT.

The solid lines in Fig. 17 show the trend of the estimated
model parameters. The dashed lines show the fixed model
parameters which were employed in the calculation with-
out MHE in section 3.1. The ¢, 8, and y were adjusted to
0.988, 0.985, and 1.015, respectively, so that the estimation
errors are minimized. The estimated coke ratio correction
parameter ¢ in Fig. 17(a) indicates the fluctuation of the iron
content of iron ore or the carbon content of the coke by more

— Estimated (with MHE) - - Without MHE

1.1
(a) Coke ratio
correction  {
parameter

a [

0.9

1.2

(b) Reduction
equilibrium 4
parameter

IB ['] 0.8

1.2
(c)
Heat-loss
parameter

7 [

0.8

15 20 25

Time [day]

0 5 10 30

Fig. 17. Result of parameter estimation using 1D transient model

and MHE. (Online version in color.)

Past

than 1%. Since Fig. 11(a) shows that the change of o by 1%
causes the deviation of HMT by 15°C at steady state, the
correction of ¢ is crucial for the online estimation of HMT.

4.3. Prediction of Future HMT

The discussion so far was concerning the estimation
accuracy at present. From the viewpoint of HMT control,
the prediction accuracy of the future HMT is more important
than the estimation accuracy of the current HMT.

The residence time of iron inside the furnace is roughly 8
hours, therefore the key process variables are predicted up
to 10 hours ahead using the following model.

X(t+m+1) = f(x(t +m),u(1))

y(t+m+1)=C(x(t+m+1))

To predict the key process variables up to 10 hours (20
time steps) ahead, m takes the values from 0 to 19. It was
assumed that the manipulated variables u(?) are kept con-
stant in the future at the current values.

Figure 18 shows the prediction result of the key process
variables including HMT. The manipulated variables are
shown in the left column, and the key process variables are
in the right column. The origin of the horizontal axis is the
moment when the prediction is performed. The actual HMT
in the future coincides with the predicted HMT even though
the actual manipulated variables in the future were not used
in the calculation. The heat capacity of the furnace is so
large that the future HMT in 10 hours is largely influenced
by the accumulation of manipulations in the past.

Predicting the future HMT with the fixed (constant)

Now Future  —cCalculated - - Actual
— y =
Blast 2000 0.1
volume o Neo [-] ~
[Nm3/min] _z000 0 -~
-20 10 0 10
100 o
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PC flow °% N 0 W v
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0 20 10 0 10 RAR ©
Blast 20 2 ]
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moisture 0 _ = kaftl NS A
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Fig. 18. Prediction result of the key process variables using 1D transient model and MHE. (Online version in color.)
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Fig. 19. Prediction accuracy of HMT change based on 1D tran-
sient model and MHE under various fitting periods.
(Online version in color.)

manipulated variables is important to achieve stable opera-
tion because it is useful to grasp the effect of past manipula-
tions and determine appropriate manipulations in the actual
operation. In other words, such future HMT prediction
helps operators understand what will happen in the future
if they keep the current operating condition (manipulated
variables).

Then, the prediction accuracy of eight-hour-ahead HMT
was evaluated with long-term data. Considering that the
target control accuracy is 10°C and the accuracy of the tem-
perature measurement is 5°C, the target prediction accuracy
was set to 15°C. The predicted HMT change in 8 hours (16
time steps) at time step ¢ is obtained by

AHMTye (1) = ys(t +16) = ys(2). cvevenennnn. (26)

Figure 19 shows the prediction accuracy of the HMT
change of 8 hours ahead under various fitting periods; the
parameter A is set to 18, 36, and 144. The data period is the
same as Fig. 16, which includes 1 400 data points. It is con-
firmed that the longer fitting period leads to better prediction
accuracy. 4 was set to 144 time steps in section 4.2. Com-
paring the case with MHE of 4 =144 time steps and the case
without MHE, the prediction accuracy improved by 0.4°C in
RMSE. The prediction accuracy in the case of 4=18 steps
is inferior to that without MHE, which indicates that too
short fitting period results in the deterioration of the predic-
tion accuracy. It is because the estimation error at present is
affected by the past disturbances. Figure 11 suggests that it
takes more than 36 hours for the effect of the disturbances
to fully appear. Thus, it is necessary to modify the model
parameters more than 36 hours before and recalculate the
state variables for incorporating the effect of disturbances
into the model calculation. These results demonstrate the
effectiveness of the prediction method of HMT with the

© 2019 IS

transient model in which the model parameters in the past
are successively corrected so that the calculated trajectory of
the process variables agrees with the actual data.

5. Conclusion

In this research, the prediction of HMT was performed
by the 1D transient model and MHE for the thermal control
of a blast furnace. To use the transient model for process
control persistently, this work aimed at reducing the estima-
tion errors of the model caused by disturbances in the actual
furnace. The cause of the estimation errors was analyzed by
PCA and the Rist diagram. As a result, it was found that the
effective model parameters to reduce the errors were the
coke ratio correction parameter, the equilibrium parameter
of CO gas reduction, and the heat-loss parameter. These
model parameters were successively updated by MHE, and
the estimation error of HMT was successfully reduced by
8°C. By using the 1D transient model and MHE, the pre-
diction accuracy of eight-hour-ahead HMT was 11.6°C in
RMSE. It was found that adjusting the model parameters in
the past is necessary to predict the future HMT accurately.
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