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Abstract: The quality of iron ore pellets depends on many factors. One important issue is
the mixing of binding material and slurry. It is assumed that proper mixing is achieved by
keeping the material in the blender tank at an appropriate level to achieve a suitable residence
time. The level of the blender is controlled by regulating the blender’s hinged outflow-valve.
Then, the modelling of the hinged valve is important, and the essential idea of this article
is to find a method to use the process model and the available measured data to detect two
detrimental conditions of the valve and warn the operators. These two conditions are: 1) The
hinged valve is coated with slurry and therefore has to be cleaned to maintain its function. 2)
Slurry is improperly distributed so that it does not cover the outflow valve, which then loses
its authority over outflow. The valve behaviour is nonlinear and depends on the viscosity of the
materials in the tank. Therefore, we use a change detection method based on Mixed Integer
Linear Programming to estimate the time-varying parameters of the valve. Simulations with
measurement data from the LKAB facility at Malmberget, Sweden, shows the viability of the
algorithm.
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1. INTRODUCTION

Luossavaara-Kiirunavaara AB (LKAB) is the producer
of iron ore pellets as high-quality raw material for use
in steelmaking. The pelletization process includes the
following main steps. It starts with the grinding and
cleaning of the iron ore. The resulting slurry is then mixed
with a binding media (such as bentonite) and rolled into
balls in drums. The green pellets are finally dried and
sintered in a pelletizing machine.

A narrow size distribution of the green pellets is considered
an important quality measure of the product both for
the pellet production process itself and the succeeding
reduction process in steelmaking (Forsmo et. al., 2006).

Some properties of the incoming pellet feed, such as
moisture content, fineness and wettability, varies the green
pellet growth rate and consequently the size distribution.
The size distribution can be also controlled by adjusting
the screen openings for the recycling load and for the on-
size fraction in the balling process. It is also possible to
influence the growth rate by varying the moisture content
or the binder dosage. Increasing the binder dosage is
known to decrease the green pellet growth rate, making the
pellets smaller, while increasing the water content results
in an opposite effect. (Forsmo ,2007).

In the presence of the bentonite binder, green pellet wet
strength is mainly determined by the viscous forces of the
binder liquid and the time of mixing. Too short a time

results in poor mixing between slurry and bentonite, while
too long a time produces seeds.

Adequate control of the bentonite blending is thus essen-
tial, and the level of the tank must be kept constant to pro-
vide suitable and effective mixing of the materials. More-
over, overflow of the tank must be prevented. Therefore,
the function of the hinged outflow-valve is investigated.
We explore a method to use available measured data to
warn about two detrimental conditions of the valve.

The article is composed as follows. First a description
of the bentonite blending process is presented in Section
2 which is followed by a model of the process and the
blender’s hinged-outflow valve in Section 3. In Section 4,
an identification method based on parameter estimation
and change detection is described. Experimental results
for a real blender process is presented in Section 5. Some
conclusions are drawn and suggestions for future work are
given in Section 6.

2. BENTONITE BLENDING PROCESS

The inflows to the tank are slurry, oversize-flow (the over-
size return material of the balling process) and bentonite.
Two impellers agitate and distribute the material inside
the tank both horizontally and vertically. Moreover, they
scrape the wall and the bottom of the tank (Fig. 1).

A PI-controller maintains the level of the blender using
the blender’s outflow-valve. The slurry- and oversize-flows
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Fig. 1. Bentonite blending process.

are measured with scales on the incoming conveyor belts,
and the sum of these flows are used as feedforward to
compensate for the change of mass-inflow to the tank (the
inflow measurements are properly delayed to compensate
for the transport time of the conveyors). The setpoint of
the PI-controller is set locally by operators. The level of
the tank is measured with a load cell (Mass) and is sent as
measured value (Fig. 1) to the controller, where the control
signal steers the hinged valve opening. The outflow is not
measured but can be estimated using the inflow, the level,
control signal and the dynamics of the tank.

There are three modes for the control of the outflow-valve:
control, manual and cleaning mode. In control mode, the
PI-controller regulates the hinged valve and the level of
the tank. In manual mode, the valve is steered locally by
the operator and in the cleaning mode, the hinged valve is
closed and scraped with a blade from one of the impellers.

The cleaning mode is necessary because the hinged valve
gets coated by clay slurry (Fig. 2), which reduces the
flow and necessitates the valve to open more to pass a
given outflow. We want to perform the cleaning mode only
when necessary to prevent the unnecessary interruption
of operation. This is one of our challenges, to determine
when the difference between the estimated and nominal
parameter values depends on coating.

Moreover, the tank is sometimes not controllable when
the distribution of slurry is unfavourable, which often
occurs when the level of the tank is lower than 30 percent,
although the exact level depends on the viscosity of the
slurry. The absence of slurry around the hinged valve at
low levels causes a constant small outflow that does not
depend on the valve position and the control signal (Fig.
3). The detection of this state and alerting the operator
to increase the level to cover the hinged valve, is another
goal of this work.

Fig. 2. Bentonite blending process whenever the hinged
valve is coated.

Fig. 3. Bentonite blending process in the absence of slurry
around the hinged valve at low levels.

3. PROCESS MODEL

The dynamic of the mixing tank is

ṁ(t) = qin(t)− qout(t) (1)

where m is the mass inside the tank, qout is the outflow and
qin is the sum of two delayed inflows and bentonite inflow,
i.e. qin(t) = qslurry(t−T1)+qoversize(t−T2)+qbentonite(t)
where T1 and T2 are respectively the approximated delays
of the conveyor belts of the slurry and return oversize.

The behaviour of the hinged valve is nonlinear, and a
nominal curve of outflow vs. control signal is showed in
Fig. 4(a). It can be seen, that the hinged valve has a dead-
zone which is due to the fact that it does not respond
before the level of the control signal reaches a certain
level (12.5 percent). Besides, the slurry does not run out
if the degree of opening is too small due to the high
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viscosity. In the saturation zone, the opening angle is so
large that changes do not further influence the opening
area. Since we do not have enough measurement data of
qout and u (control signal) in the dead-zone and saturation
conditions, a linearized model of the valve characteristic is
considered a sufficient approximation (Fig. 4(a)).

C(u) = θ0 + θ1u (2)

The parameters θ0 and θ1 will be identified using the MILP
method in the sequel. So, the flow through the hinged valve
can be expressed as

qout = (θ0 + θ1u(t))
�

2gh(t) (3)

where h(t) is the level of the tank. From the process model
(1) it follows that

qout(t) = qin(t)− ṁ(t) (4)

which integrated yields,
� t1

t0

qin(τ) dτ − m(t1) + m(t0) =

� t1

t0

qout(τ) dτ

=

�
� t1

t0

�

2gh(τ) dτ,

� t1

t0

u(τ)
�

2gh(τ) dτ

�

[θ0, θ1]
T

The assumption is that the values of θ0 and θ1 change
when the valve gets coated. As illustrated in Fig. 4(a),
we suppose that the main effect is a decrease in θ0, i.e.
larger control signal is needed to pass the same amount of
outflow.

Whenever the slurry does not cover the hinged valve,
the outflow is mostly constant and does not depend on
the control signal, therefore we suppose that the result
is that θ0 is positive and almost constant and that θ1 is
approximately zero (Fig.4(b)).

4. A MILP ALGORITHM FOR CHANGE
DETECTION

4.1 Change point detection in ARX model

In change point estimation, the goal is to find a sequence
kn = (k1, k2, · · · , kn) of time indices, where both the
number n and the locations ki are unknown, such that
the signal or the model of the signal can be described as
piecewise constant. A general signal model is the linear
regression

y(t) = φ(t)T θ(t) + e(t) (5)

where θ(t) is a constant vector in each interval ki−1 <
t ≤ ki (θ(t) is piecewise constant), and e(t) is some noise
signal. For an ARX model

φ(t)T = [−yt−1, ...,−yt−na
, ut−nk

, ..., ut−nk−nb+1]

θ(t)T = [a1
t , a2

t , ..., ana

t , b1
t , b2

t , ..., bnb

t ]

The special case of a change in the mean model is achieved
by φ(t) = 1 where θ is the mean of the signal. The
assumption that θ(t) is piecewise constant gives a sparse
structure of its derivative. We will use the sparsity in
order to estimate θ(t), using the algorithm developed in
(Salehpour and Johansson, 2008).
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Fig. 4. The nonlinear behaviour of the hinged outflow-
valve (a) Nominal characteristic and linearization of
it (solid) and the characteristic of the coated valve
(dash-dotted) (b) Characteristic when the slurry does
not cover the valve

.

4.2 Noise Bound

To bound the noise e(k) we will use the window norm,
which for discrete time signals is defined in (Johansson,
2007) as

�e�ω = sup
k≥0

k
�

i=0

ω(k − i) |e(i)| (6)

where 0 ≤ ω(k) ≤ cak for c > 0 and 0 < a < 1.

It is straightforward to show, using the techniques in
(Johansson, 2008) that (6) satisfies all properties of a
norm. Clearly, both the l∞-norm and l1-norm are special
cases of the window norm on a finite interval. The l∞-norm
is given by choosing ω as the unit pulse function, and the
l1-norm is obtained by letting ω(k) = 1 on the interval.
The drawback of the l∞-norm is that it only considers
the peak value of the signal without any averaging and
may therefore give conservative noise bounds for signals
with large spikes. The l1-norm on the other hand, may
give a conservative bound for small persistent signals.
These problems are handled with the window norm by
choosing a window function that averages over a suitable
time interval, i.e. a pulse function with non-unit duration
or a decaying exponential function. An assumption on the
noise e may now be expressed as

�e�ω ≤ � (7)

We assume that ω(k) is nonincreasing for k > 0. Let N be
the number of samples. Then, as showed in (Johansson,
2007) for scalar e, the condition (7) can be expressed as

W |E| ≤ 1N � (8)
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where 1N = [1, 1, ..., 1]T , and

W =









ω(1) 0 . . . 0
ω(2) ω(1) . . . 0
...

...
. . .

...
ω(N) ω(N − 1) · · · ω(1)









and E = [e(1), · · · , e(N)]T .

4.3 Sparse Matrix

A sparse matrix is defined as a matrix populated primarily
with zeros. The concept of sparsity is useful in complex
systems and many application areas such as network
theory. Huge sparse matrices often appear in science or
engineering when solving partial differential equations.

One common approach to seeking a sparse description is
based on l1-norm regularization (Boyd and Vandenberghe,
2007) which produces an approximation with a sparse
structure.

In this article, we use an exact solution of maximization of
sparsity by using MILP (Mixed Integer Linear Program-
ming) to minimize the number of non-zero elements in a
matrix or vector (Salehpour and Johansson, 2008).

We consider the logical variable δij ∈ {0, 1} and the matrix
S = (sij) for i = 1, . . . , P and j = 1, . . . , Q to be related
as

δij = 1 ↔ sij �= 0

δij = 0 ↔ sij = 0 (9)

and we aim to minimize
�P

i=1

�Q

j=1
δij . The above link

between logical and real variables can also be expressed
by using MILP inequalities

−Mδij ≤ sij ≤ Mδij (10)

where M = maxi,j(|sij |). Then, a MILP for maximizing
sparsity of S is formulated as

minimize
�P

i=1

�Q

j=1
δij

subject to: (10)
(11)

4.4 Method Based on MILP and the Derivative of
Parameters

The differentiation of a piecewise constant parameter
produces a lot of zero samples and thus, it has a sparse
structure. The time-derivative of θ is approximated by
(∆θ)(k) = θ(k)− θ(k − 1).

Then, the following sparsity property of its derivative
is used for estimating the parameters (Salehpour and
Johansson, 2008). With the definitions

σi = [δ1i, δ2i, · · · , δqi]
T for i = 1, · · · , N,

ΣN = [σ0, σ1, · · · , σN−1]
T

where q = na + nb, the sparsity constraint (10) applied to
the derivative ∆Θ may be expressed as

−MΣN ≤ ∆Θ ≤ MΣN (12)

where ∆Θ = [∆θ(1)T ,∆θ(2)T , · · · ,∆θ(N)T ]T . Also, let
Ym = [ym(1)T , ym(2)T , · · · , ym(N)T ]T , where ym(k) are

the measured outputs of (5),Θ = [θ(1)T , θ(2)T , · · · , θ(N)T ]T

and Ξ = diag(φ(1)T , φ(2)T , · · · , φ(N)T ). We now use the
constraint (12), and MILP-optimization to formulate

minimize
ΣN ,Θ

�ΣN�
1
+ H�

subject to: (12)
W |Ym − ΞΘ| ≤ �

(13)

where H is a weight to normalize the noise.

5. EXPERIMENTS WITH MEASURED DATA

We have performed two tests and applied the MILP
algorithm to the measurement data. The window function
ω in the norm �.�ω is chosen as a pulse function with a
duration time D , i.e.

ω(k) =

�

1/D 0 ≤ k ≤ D
0 otherwise

where H = 1 in both estimations.

In the first experiment, the sample-time is 20 seconds and
the data are low-pass filtered before the simulation (Fig.
5(a)) and D = 30 samples. During the first 400 seconds,
the opening grade of the hinged valve is changed from 80 to
36 percent, and the level of the tank is low (Fig. 5(b))(the
level value of the tank is expressed in percent and scaled
with the maximum level). As depicted in Fig. 5(c) and
5(d), the estimated θ0 is positive and θ1 is a small value,
which indicates that the slurry is distributed such that the
hinged valve is not covered. Then, the level of the tank is
increased after 400 seconds (20 samples) and the valve
opening degree is changed between 36 and 50 percent.
Here, we get some nominal values to compare with the
parameters in the case when we need a cleaning mode. It
is noticeable that the estimated θ0 decreases in this time-
interval which agrees with a slowly increasing clay cover of
the valve. However, the normal time for a valve to build up
clay is at least two days. The increase between 70 and 90
samples is probably due to model uncertainties or noise.

The effect of the low level of the tank is also investigated in
the second test, where the level of the tank is low most of
the time (Fig. 6). The data are filtered to decrease the
effect of noise and the sample-time is 100 seconds and
D = 90 samples. The parameter θ1 is a low positive value
after 70 samples where the level of the tank is over 30
percent and otherwise almost zero or negative when the
valve is not covered and is not steerable (Fig. 6(c) and
6(d)).

6. CONCLUSIONS AND FUTURE WORK

The model of a blending tank process is investigated, and
the parameters of the outflow-valve are estimated using
a MILP algorithm. The purpose of this is to warn the
operator whenever the hinged valve gets coated or, due to
unfavorable distribution of the slurry, does not affect the
outflow.

Investigation of the effect of viscosity on parameters is
a subject of future work. Also, we will test the model
with more measured data with different viscosity and
conditions. We may also use a more advanced valve model,
but then we need more variation of the control signal.
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Fig. 5. The hinged valve model change detection (a) The
computed outflow using (4) (solid), the estimated out-
flow (dashed), (b) The control signal (solid), the level
of the tank (dashed) (c) Estimated θ0 (d) Estimated
θ1.
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Fig. 6. The hinged valve model change detection (a) The
computed outflow using (4) (solid), the estimated out-
flow (dashed), (b) The control signal (solid), the level
of the tank (dashed) (c) Estimated θ0 (d) Estimated
θ1.
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Modifying the algorithm to make it better suited for use
in real time is another aspect.
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