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Abstract 
In continuous process industries, large investments in automated process control systems are made to reduce 
variance, but the variance in key process parameters often remain unchanged. One reason is that the operators 
often lack tools to assess the impact of process changes on the final product properties. Dynamic simulation 
could be used to estimate effects of attempted changes, on models with current process information and 
dynamics. However, the use of dynamic simulation for such purposes is infrequent in process industry. Therefore, 
the purpose of this paper is to outline a simulation model for mineral processing using existing process 
knowledge. An iron ore pelletizing process was studied, and process knowledge was collected through interviews 
and research reports.  The material flow mechanisms of a critical process section were also determined 
experimentally. A simulation model of the process was constructed in SIMULINK, and the effects of various 
variations were tested. The statistical properties of the output distribution of particle residence times were 
compared for various settings.  Finally, various applications field in a mineral process for the simulation model 
is discussed, for example, predicting or explaining effect of corrective actions. 

1. INTRODUCTION 

The raw material for process industries are often in an unrefined form (as opposed to manufacturing industries), 
fetched directly from forests, mines or farms [1]. Continuous processes are commonly found in process industries 
such as the mineral processing industries, the paper and pulp industries, chemical industries and parts of the food 
industries.  Hence, the raw materials for continuous processes (such as minerals processing, paper mills etcetera) are 
usually afflicted with a larger variation of properties. In continuous processes, the products are gradually and with 
minimal interruptions refined through a series of operations [1, 2]. According to Rajaram & Robotis [3], there has 
been technological initiatives, including new process technology and automation to control continuous processes, 
and operational initiatives, including development of an effective interface between the operators and the process 
control system, to reduce output variation in the processes. However, in continuous processes the variance in key 
process parameters has often remained unchanged, though large investments in automated process control systems 
has been made to reduce variance [4]. According to Rajaram & Jaikumar [4], one reason is that there are no tools for 
operators to assess the impact of changes at individual stages on an overall production target.  

Hence, developing tools for studying the impact of changes in the processes is vital for reducing the variation. 
Dynamic simulations could be used to test “what-if:”s, such as response to variation in feed, in continuous processes 
[5]. Therefore, dynamic simulations should be useful for studying the impact of changes.  

According to Daniel T Brunner, pharmaceutical manufacturing, chemical manufacturing, and mining and 
mineral processing industry are areas where simulation has not yet been widely accepted [6]. Furthermore, Liu & 
Spencer [5] argues that there has been limited practical application of dynamic simulation in most of the mineral 
processing industries. Nevertheless, there are examples of simulations in the mineral processing industries, see for 
example [7], [8] and [9]. The examples are typically specific for a process section or a case, and based on data from 
numerous experiments.  

Therefore, the purpose of this paper is to outline a simulation model for mineral processing using existing 
process knowledge. Moreover, the model can be used to analyze the propagation of variation through the process. 
Furthermore, the impacts of incorrect material flow assumptions in various process sections are tested. Finally, the 
accuracy in the process knowledge for a critical process section is investigated by an experiment.  
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2. THEORETICAL FRAMEWORK  

There are two types of ideal flow systems commonly used for modeling flow systems; plug-flow and perfectly 
mixed flow  [10-12].  

In a plug-flow system, the flow is assumed to be without radial variations, and no dispersions will occur; thus the 
particles exit and enter in the exact same order. When flows are without mixing, the time particles would reside in 
the system, or the residence time, would be equal to the system space time, τ, and it is defined as: 

0v
V

≡τ  (1) 

where V is the volume of the system and v0 is the volumetric flow rate entering the system. Plug-flow are often 
assumed to arise in tubular reactors [12]. In a perfectly mixed flow system, concentrations are assumed equal. 
Hence, the particles entering a perfectly mixed flow system are immediately completely dispersed. Perfectly mixed 
flow is for instance often assumed in continuous-stirred tank reactors [12]. However, real flow systems are non-
ideal. Short circuiting (bypassing) and stagnant region (dead zones) are for instance often encountered [12] in real 
flow systems.  

The particle residence time distribution function of the system, E(t), can be used to describe the flow behavior of 
any real system. The residence time distribution function can, for example, be determined by an addition of a tracer 
substance, such as an impulse addition into the incoming flow of a system. By measuring the concentration, C(t), in 
the effluent flow, E(t) can be calculated [12, 13]. With impulse additions when the volumetric flow rate is constant, 
E(t) is given by: 
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The first three distribution parameters, mean residence time, tm, variance, σ2  and skewness, s3
, , are commonly 

used instead of E(t) for characterization of a flow systems. These parameters can also be used for comparison of 
models, and are given by Eq. 3-5: 
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t  is equal to the space time, τ, in absences of dispersion and for constant volumetric flow. m

3. PROCESS DESCRIPTION 

The iron ore pelletizing process at a Swedish mining company, LKAB, was chosen as the process to investigate 
and simulate. LKAB is specialized in extracting iron ore and developing highly refined iron ore products. A 
simplified flow sheet of two pelletizing plants, PP1 and PP2 is shown in Figure 1. The input to the pelletizing plants 
is a slurry, that is, a mixture of water and fine particles, in this case iron ore powder. Furthermore, the slurry comes 
from two sources with different composition. The ambition of the company is to produce one type of iron ore 
pellets, and, therefore, the slurries are mixed, see Figure 1. 
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Figure 1: A simplified flowsheet of the two pelletizing plants (PP1 and PP2) at LKAB in Malmberget. 

4. METHOD  

The full research process with activities and the connection to the different element of the purpose are 
summarized in Figure 2, in chronological order. As a first step, all the existing process knowledge was collected 
using internal reports, unstructured individual interviews and a group interview with LKAB engineers. The process 
knowledge was then used to develop a map of process flows and residence times, and to outline an initial flow 
simulation model (hereafter initial model) of the process. The SIMULINK toolbox in MATLAB was used for 
creation and testing of the flow simulation model.   
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Figure 2: The research activities and the connection to the different element in the purpose.  

To analyze the propagation of variations in the process, two settings were tested in the initial model, see Table 1, 
and a sampling interval of one minute was used. Setting 1 illustrates a shorter disturbance in one of the incoming 
slurry flows, in this case slurry 1. Such a disturbance could, for example, be caused by a lesser contamination or a 
variation in the raw material. Setting 2 illustrates a shift in the process, such as those that could occur due to 
machinery breakdown or a process change. During the simulations, the levels in the slurry tanks and the bin 
chamber were set to an intermediate level.  
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Table 1: The two settings simulated  

Setting 
1 Pulse disturbance with amplitude 1 from input 1 during the period 0 to 0.1 h 
2 Step change from 0 to 1 in both inputs at t = 0 h 

 

Much of the process knowledge, obtained during the interviews, was based on approximations and supporting data 
were often lacking. The most important section with respect to residence time is the slurry tank, and a tracer 
experiment was therefore performed to validate and improve the knowledge about the flow and the residence time 
distribution of this tank. Due to the process design, the mixing tanks were also included in the experiment. A 
detailed flow sheet of the process section including the slurry and the mixing tanks is presented in Figure 3. The 
residence time may differ between water and the solid phase, but it is assumed that the slurry does not separate. 
Lithium chloride was chosen as the additive to test the flow mechanisms of the tanks, since lithium chloride is easily 
dissolved in water, only traces of lithium are normally found in the product, and the lithium content is easily 
measured also at trace levels. The lithium chloride was dissolved in water and added as an impulse to the slurry 
mixture entering the slurry tanks and the lithium content of the slurry was measured after the mixing tanks and used 
for calibration of the tank flow model.  

 

Figure 3: Flowsheet for the slurry and mixing tanks.  

Two tracer experiments were performed, one for each slurry tank section, with six weeks in-between. The 
lithium concentration in the fluid part of the samples was analyzed with ICP-MS (inductively coupled plasma - mass 
spectrometry) after filtration. Roughly, a sampling time equaling the calculated space time plus one hour was used 
during the experiments. The tail of the concentration curve was estimated by fitting an exponential decreasing 
function to the experimental data using the least square method. During the experiments, the slurry levels of the 
slurry tanks were at an intermediate level.  

Based on the experiment, the initial model was calibrated. In the calibrated model, the same two settings were 
simulated with the same process flow and levels in different sections. To evaluate the result of the incorrect 
assumption about the process flow, mean residence time, variance and skewness were compared for the simulations 
in the two models. Mean residence time, variance and skewness were calculated using numerical integration.  

5. RESULTS   

Table 2 summarizes the process data, based on the findings in the interviews and the internal reports. The data 
are based on mean levels of slurry in the slurry tanks and on mean levels of iron ore powder in the bin chamber. The 
flow of the plant only differs little during regular production, and the process in Table 2 is assumed to be operating 
at normal flow rates. As the process knowledge for the bin chamber was insufficient, the bin chamber was simulated 
both as a plug-flow and as a perfectly mixed flow in the simulations.  
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Table 2: Description of the process sections in the two pelletizing plants. (MF= perfectly mixed flow, PF= plug-flow) 

Space time (hour)  Process section Function 
PP1 

Flow mechanism, as estimated 
by process engineers PP2 

Slurry tank Buffer and mixer  7,05 6,85 MF 
Mixing tank Mixing the two slurries 0,02 0,02 MF 
Filters Dewatering the concentrate 0,06 0,03 MF 

Insufficient process knowledge to 
suggest a model flow Bin chamber Buffer and mixer 0 1,5 

Mixer Blending concentrate with a binder 0,01 0,01 MF 
Bin Buffer 0,7 1,2 PF 
Balling equipments Balling formation 0,1 0,1 PF followed by a MF 
Sintering furnace Sintering 0,5 0,5 PF with reflux 

 

The results from the tracer experiments in the slurry and mixing tanks indicate that an exponential model was 
appropriate for describing the decline of the effluent flow concentration of an impulse addition at the inflow, but the 
rapid rise and decline of the lithium concentration indicated that the full volume was not active. Non-active volume 
elements, so called dead zones are common, especially for low speed slurry flow, where solid state buildup may 
occur. An exponential decline is typical for perfectly mixed containers, and the active volume was thus assumed to 
be perfectly mixed. Furthermore, the design of the flow system suggests that the flow model should incorporate two 
perfectly mixed containers serially connected. The experimental calibration led to a mathematical model including a 
perfectly mixed slurry tank with a dead zone and a perfectly mixed mixing tank, see Figure 4. The model was fitted 
to the tracer data using the least squares regression, and the active volume share, α, for the slurry was calculated.  
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I. Change in quantity of the studied substance 
per second in the slurry tank at time t. 

 
Symbol descriptions II. Inflow of the studied substance to the slurry 

tank. 
v:     inflow to the slurry tank. 
V1:   total volume of slurry in slurry tank. III. Outflow of the studied substance from the 

slurry tank. Vα:  active volume in slurry tank. 
VD: dead volume in the slurry tank. IV. Change in quantity of the studied substance 

per second at time t in the mixing tank. α:    active volume share in slurry tank. 
v1:   outflow from slurry tank. V. Inflow of the studied substance at time t 

from the slurry tank with addition to the 
mixing tank. 

β:    share of outflow from slurry tank to sampled mixing tank. 
v2:   inflow to mixing tank from other slurry tank. 
V2:  volume of the mixing tank (assumed active since space 

time is small). 
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Figure 4: The matematichal model and definition of the parameters used. In this case the studied substance was lithium. 
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The effluent flow concentration for the simulations of Setting 1in the calibrated model is illustrated in Figure 5a 
and b. The disturbance in slurry mixture 1 results in an almost instantaneous concentration peak in the effluent flow 
of PP1, in both the calibrated model and the initial model. The result was expected since the flow in PP1 mainly 
consists of perfectly mixed tanks. Furthermore, the concentration peak was higher for the calibrated model; this was 
an effect of the dead volume in the slurry tank. The dead volume, in the slurry tank, implies that the disturbance was 
mixed with a smaller volume of undisturbed product. 

The effluent flow for PP2 with the bin chamber modeled as a plug-flow for the calibrated model, see Figure 5b, 
as well as the initial model had the same appearance, but the peak was shifted towards longer times. However, if the 
flow in the bin chamber was simulated as a perfectly mixed flow the peak was more rounded. Moreover, the effect 
of the disturbance in the output was almost two times higher in the calibrated model than in the initial model for 
both PP1 and PP2. Finally, the mean times were shorter in the calibrated model for Setting 1, also the variations has 
decreased. Furthermore, the disturbances in the effluent flow were more centered in the calibrated model. 
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Figure 5: The response in the output to a disturbance in slurry mixture for the calibrated model. The flow in the bin chamber is 
simulated as plug-flow (PF) or as perfectly mixed flow (MF). Figure 5a shows Setting 1 results for PP1 Figure 5b:results 

according to setting 1, PP2.  

The response in effluent flow from the simulations of Setting 2 is illustrated in Figure 6. The product change, 
from product 0 to product 1, results in an almost exponential response in the effluent flow of PP1, with a short delay 
caused by the bins before the balling equipments. Moreover, the calibrated model resulted in a steeper growth than 
the initial model. However, at approximately 25 hours, the response in the effluent flow for the two models in PP1 
converges. The effluent flow for PP2, with the bin chamber modeled as a plug-flow, has the same appearance as the 
effluent flow in PP1, but is shifted forward in time. However, if the flow in the bin chamber was simulated as a 
perfect mixed flow, the exponential response is less steep. A perfectly mixed flow or a plug-flow could be seen as 
two extremes, in absence of dead zones in the bin chamber. Thus, if there are no dead zones the actual flow should 
be somewhere in between these extremes. If there in fact are dead zones in the bin chamber, the output from PP2 
would instead lie between the appearances in the output from the simulations of PP1and PP2. The actual flow in the 
bin chamber could, for example, have an inverted cone flow with dead zones. 

Figure 6: The concentration response of the output as a function of a product change, Setting 2, for PP1 (6a) and PP2 (6b).  
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Finally, assuming that a product containing more than 20 % of a by-product, for example a 50/50 mixture of two 

product types, would be classified as defective in the simulation. With such classification, the output from PP1 in the 
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initial model would be downgraded during 8.5 hours. In the calibrated model, the production time downgraded was 
reduced to 5,2 hours. The same pattern in reduction was observed for the output of PP2. 

6. CONCLUSIONS AND DISCUSSION 

In the simulations of Setting 1, it can be seen that the peak in concentration of a short-time disturbance is 
significantly lower in the effluent flow compared to the peak in concentration of the short time disturbance in the 
inflow. Hence, short-time disturbances could often be ignored in the pelletizing process. The size and amplitude that 
can be ignored depends on the kind of disturbance, as the customers’ sensitivity differs for various disturbances, for 
example changes in iron content or contamination of a tracer substance. However, there are other factors affecting 
whether the disturbance can be ignored or if countermeasures need to be taken, for example the level in the slurry 
tanks. The simulation model could thus be used to select corrective actions in presence of disturbances. Therefore, 
the simulation model is useful as a decision tool to decide how to handle a disturbance in the process. Furthermore, 
the model helps to predict the amplitude of a disturbance in the system as well as when and for how long time the 
disturbance will affect the system at different locations.  

From the simulations of Setting 2 it could be concluded that the full (99%) impact of a process change may be 
lagged up to a day, but also that most of the change will have taken place within ten hours, and that not much will 
change for the first three hours. As the effects of changes in the final product often are lagged and slow, the effects 
of operator’s actions are often not visible during their work shift, which makes it difficult for the operators to learn 
about the cause-and-effect relationship between control operations and process reactions. If a simulation model, 
such as the one presented here, was implemented at the operator level using on-line data logging, it would be 
possible to instantaneously simulate when the process reaction will take place. In this way the operators can study 
the result of control operations afterwards, and thereby learning the effects of different control actions.  

By comparing the responses to the simulation of PP2, where the flow in the bin chamber is simulated as a plug-
flow or a perfectly mixed flow, effects of incorrect assumptions of a flow in a process section are seen. One effect of 
an incorrect assumption could be that a product is classed incorrectly, either as defective instead of correct or the 
other way around. Moreover, an incorrect assumption could result in that the effect of a disturbance is under- or 
overestimated. The passing time of a disturbance could also be misjudged if the assumption of the flow is incorrect. 
For the investigated flow the assumed type of ideal flow, the perfectly mixed flow, was correct, the dead zone was, 
however, not expected. As real flows seldom are ideal, it is important to investigate the flow for process sections 
with extensive residence time.  

One way to increase competitiveness and unit price is to produce customer specific products. Another 
application of a simulation model, such as this one, could be to estimate how product changes should be performed, 
and when the new products will be produced, as well as when the products will be out of specifications. Such a 
model would also let the engineers estimate when the new product will enter different process sections, so sections 
settings could be changed in time. If special products are to be produced, the model could additionally predict if 
product changes would cause low grade or defective products to be produced, and what products that should be 
reworked or rejected. The model can therefore aid cost benefit analyses used to decide whether production of a 
special product is profitable, and how special products should be produced at minimal costs. 

In the pelletizing process, various settings and levels in process sections are controlled and determined by the 
operator. For example, the filling and discharge of the bin chamber as well as the level in the bin chamber may be 
controlled by the operator. The possibility to control certain settings and levels in process sections implies that the 
operators to some extent may alter the process flow to, for example by changing stirring speed. The operation 
control may be used to improve the product characteristics and to minimize defective product by altering the process 
flow. This alteration needs to be based on data from product measurement in the process. However, normal product 
measurements often prevent the application of such operation control, since lab results are infrequent and to slow. 
Process simulations could aid in making this type of operation control practical, as simulations could be used to 
predict properties based on lab result of samples taken earlier in the process.  

Simulation models can also be used for improving traceability of continuous processes. Examples of benefits 
with good traceability are: selective product recalls, product localization, and prevention and reduction of undesired 
events such as changes in material composition and particle size.  

In the simulated mining process, it is the solid phase of the slurry that is of importance, and the model was 
calibrated using lithium content of the liquid phase. The assumption that the phases of the slurry has similar 
residence times is supported by earlier investigations of a milling operation [14]. The error associated with this 
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assumption should be small, even though the residence times are considerably longer in the tank sections than in the 
milling sections, since the particles of the ore is smaller in the slurry tanks and thus should be less prone to separate. 

In summary, the result shows that simulations are useful tools for understanding the effect of disturbances and 
variations in processes such as the pelletizing process of iron ore. The presented simulation model resulted in new 
knowledge of how disturbances affect the pelletizing process. A regularly calibrated on-line installation would 
improve the usefulness of the simulation model further. Moreover, the next step to improve traceability of the iron 
ore products would be to include the whole production process in the simulation model. In this case, the 
concentrator plants, cobbing plants and the mines would be included in the simulation model.  
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