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Dynamic Modelling of Temperature in a Wet Ball Mill
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Abstract This paper presents a dynamic model of mill temperature that could be used alongside mill conventional control
systems to provide indications of changes in mill slurry solids concentration and by extension the slurry holdup and mill
mixing behaviour based on in-mill temperature profile. The model combines information of energy and mass balance,
material breakage mechanisms, fundamental material properties and the milling conditions in a simple and clear
representation of the physics and thermodynamics of the wet milling process. Model tests at steady state conditions using
industrial mill data show a closer match between measured and predicted temperatures. The test results depicting the dynamic
response of the model show clear sensitivity of in-mill temperature to perturbations in the mill slurry solids concentration and
solids feed rate. The trends in the milling data from the model simulations corroborate long held believe that mixing is better
at lower slurry solids concentration. Overall, the results are indicative of the available potential to improve the accuracy of the

conventional mill monitoring and control schemes based on information extracted from in-mill temperature profile.
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1. Introduction

Ore milling is one of the primary operations in mineral
processing and it is known to account for approximately half
of all costs in a mine, largely attributable to energy and
material expenditure [3]. A key strategy for achieving lower
energy and material costs in ore milling circuits is through
effective mill control [10, 13]. However, such a control
system would require good understanding of the in-mill
dynamics when the operating variables are changed and the
interactions between external process variables and
performance variables. Indeed grinding mills in mineral
processing plants never really operate under steady state
conditions as variations in feed size distributions, feed rate,
feed slurry density and ore characteristics continuously upset
the smooth running process.

Today, PID (proportional-integral-derivative) controllers

are the common computational based online control schemes.

However, they are tuned to work for only a known set of
operating conditions (incapable of self-tuning) and
preferably for systems with non-interactive variables.
If there is a change in these system conditions, the tuning
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parameters become less suitable. In a milling circuit, if a
given mass setting of the mill creates poor mill performance,
then a new mass set-point will have to be established in order
to maximize mill performance. Such a development in the
mill circuit cannot be recognized by a PID controller, which
implies that on its own, a PID controller cannot optimally
control a grinding circuit. Recent years have seen
development of expert control systems to address this need.
The expert control system allows for interaction to correct
for deviances, and optimal values for set-points. Thus, the
expert control system relies on understanding of the process
and the dynamic characteristics of many critical variables
around the process.

Better understanding of the in-mill dynamics can be
gained in a much faster and economical manner through
dynamic simulations (on-line or off-line) using accurate mill
simulation models. Prior insights into the behaviour of the
milling circuit can be made available such as response to
grinding process disturbances during transitions between
various steady-states. Also, the multivariable interactions
within the mill circuit can be easily explored and evaluated
and changes can then be made to the circuit to realise better
efficiency and high throughput at lower costs. This inherent
flexibility, coupled with robustness makes model-based
control approach more advantageous in today’s highly
integrated and complex comminution circuits.

The fundamental aspects required for accurate dynamic
simulation are good dynamic models, precise measurements
of process variables and accurate estimation procedures for
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process parameters [8, 9, 18]. A range of simulation models
exist, which have been widely used for mill circuit design
and optimization with varying levels of success. But these
models do not consider the energy balance inside the mill
and are mainly based on steady state analysis. Apart from
mass and size balance, energy balance is a key aspect in
control and optimization of a comminution process. Energy
balance data is related to mill temperature where the latter is
believed to be a primary indicator of in-mill process
dynamics [21, 12].

It is a known fact that the biggest part of energy introduced
in a ball mill is converted into heat, with only about 3 - 5% of
this energy being used to grind the ore to the required
fineness. As a consequence, this heat induces temperature
rise inside the mill. Therefore, interpretation of the
temperature signature would yield some useful information
of the mill operation characteristics such as variations in feed
rate, slurry properties, holdup mass and degree of mixing
inside the mill which are directly linked to grinding process.
Having the knowledge of these dynamics enables effective
control of the grinding mill which in turn results in stable
operation with optimum production capacity and energy
efficiency. It is noteworthy that temperature measurements
can be made quite easily and far more accurately than other
process measurements in a milling circuit.

This research aims to develop a dynamic model of mill
temperature that may be employed alongside the
conventional control system to provide indications of
changes in mill operational characteristics. The model is
developed in MATLAB environment, integrating the energy
balance with the population balance in a simple and clear
representation of the physics and thermodynamics of a wet
ball milling process. The control parameters are mill power
and product size distribution which are easily measurable.
The success of this modelling technique would go alongside
improving the continuous optimization and control of
grinding mills.

2. Model Development

2.1. Model Framework

A dynamic model is developed for a wet overflow ball
mill based on a set of mass and energy balances. The energy
balance relies on temperature and mass flow data. The key
model parameters to be measured are mill temperature in the
feed and discharge streams, mill power draw and the mass
flow rate in the feed stream. Manipulated variables are feed
size distribution, feed solids concentration and flowrate of
mill feed dilution water. Figure 1 is a schematic
representation of the energy and mass flow streams around
the mill operating in an open circuit configuration.

Where, P is the power input (kW) to the mill, F;is the feed
flow rate into the mill (fresh feed + dilution water), T;is the
temperature of the mill feed, T, is the temperature of mill
discharge, Qs is the rate of energy loss to the environment

(kJ/s), ysiis the mass fraction of mill feed solids in size class i
while y,; is the mass fraction of mill product solids in size
classi.

Dilution
water

QLoss

p

Figure 1. Representation of mass and energy streams around the mill

Figure 2 is the conceptual framework of the model which
depicts the mill as system of N perfectly mixed cells of equal
volume, V with a net volumetric flow rate, F; and
recirculation rate, Fy. The total flow rate through stages 1 and
N is F¢ + F, while the flow rate through stages 2 to N-1 is F;
+ 2F,. The set of equations which describes the dynamics of
the system can be obtained by performing a material balance.
The temperature of the mill discharge is assumed to be equal
to the temperature in the last mixer and so is the slurry solids
concentration.
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Figure 2. Depiction of mass and energy streams in a mill represented by 4
equally sized and fully mixed segments with back-mixing

The model inputs are: breakage function parameters,
selection function parameters, mill feed rate, mill dilution
water, feed solids concentration, feed size distribution, mill
rotational speed and mill level of filling. The outputs
variables are the mill discharge temperature and the product
size distribution.

2.2. Energy Balance

According to the fundamental laws of physics, the energy
profile within a body depends upon the rate of energy input
including internal generation, its capacity to store some of
the energy and the rate of energy transfer to the surrounding
environment i.e. Energy input = Energy output + Energy
accumulation. Considering a wet ball mill operating in a
continuous mode, then this equation can be expressed as
follows:

dE(t)
dt

Where Qs is the rate of energy input through the feed
stream while P represents the mill power input. Qpess
represents the energy loss per unit time which comprises
losses through conduction, convection, vapour, sound and
vibration while Qq is the rate of energy loss through the

Qi () + P () = Qq(t) + Qp(t) +Quoss (1) +

)
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discharge stream. The term Q, represents the energy
absorbed per unit time by the particles to cause fracture,
which is a function of material properties and mill conditions
[16, 17]. Typically Q, is so small relative to the total energy
input to the mill, that it cannot be reliably measured. Since
the model will be tested against data obtained on a full scale
mill, some simplifying assumptions are considered in the
energy balance. The assumptions are as follows:

i) That all the net power supplied to the mill, is
transmitted to the mill charge as frictional energy at
the grinding zones where part of it is converted to
heat and lost to the environment through mill
discharge product and vapour with the rest being lost
in form of sound and vibration.

ii) That the mill contents are well mixed both in the
radial and axial directions.

iii) That the slurry and grinding media in the mill are at
thermal equilibrium and that the reference enthalpy
of water and solids is zero at 0°C.

The overall dynamic energy balance around the mill can
then be presented as equation 2 in which M(t) is the slurry

holdup mass inside the mill approximated as,
[M(®)=zx Fy (0]
d|C M ()T (t)
M:Cfﬁpf(t)
dt )

—CyT () Fg (t) +P (1) Qp (1) —QLoss (1)

The value of C (specific heat capacity of slurry) varies
with the proportion of solids (y) in the slurry and can be
estimated by equation 3 in which the C; and C, denote
specific heat capacity of solids and water respectively.

C=1Cs + (1-xCy 3)

The rate of energy loss through sound and vibration is
typically small relative to the net energy input into the mill,
hence it could be neglected. Also, for mills fitted with rubber
liners like the one used in the current study, energy loss
through convection and conduction is minimal and hence can
be ignored. A significant proportion of the energy loss to the
environment will occur through evaporation (i.e. heat loss
through vapour at the feed and discharge openings) which
has to be accounted for. Therefore besides the temperature
measurements, the prediction accuracy of this model will
depend on correct estimation of Qs and Q. Using standard
bond work index, Q, is estimated to lie between 1- 3% of the

Mixer 1:

CoppTo (1) — CiTh (1)

net energy input to the mill [7, 19] depending on ore
characteristics (hardness and size). Thus, in this study, Qp is
modeled as a linear function of the net mill power draw in the
form, Q, = ka . It is worth to note that mill power can

easily be measured using mill supervisory and data
acquisition (SCADA) system and is expected to vary with
changes in mill filling, feed size distribution and slurry
properties.

The rate of energy loss from the mill through water vapour
is a function of in-mill temperature, the humidity of the air
overlaying the mill load and the slurry-air interfacial area
where the latter is related to the size of the slurry pool. Thus,
QLoss €an be estimated by the following relation.

QLoss (t) = Kvﬂ'LmeDri (1_‘] )[qa _qs ]/T, for J< ‘]max (4)

Where A (kJ/Kg) is the latent heat of vapourization,
estimated empirically as A, = 2501 — 2.361T [5], p is the
density of overlaying air, Ly, is the mill length, J is the mill
filling (Jmax iS dependent on the size of the discharge
trunnion), Dy, is the mill diameter while K, is a correction
parameter whose value is to be estimated and is related to the
volume of vapour generated. The parameters gs and q,
represent the specific humidity of air overlaying the load at
saturated and unsaturated states respectively which are
determined by equation 5 in which, € (= 0.622) is the ratio of
molecular weight of water vapour to that of dry air and RH is
the relative humidity (%) at temperature, T [14].

qs:gpsat/{patm_(l_g) psat} ;
Oa = gpv/p(dryair) ; ®)
Py = PsatRH /100

Where,
IN(Psx) =-7x10°T?+ 0.0512T [kPa], for T <400°C

The residence time (t) has been correlated to the feed
percent solids in the form, (r= Ky + K,J), [11]. Here, K;and
K, are constants to be determined by regression while J is the
fraction of mill filling. Performing an energy balance around
the mill system represented by n-mixers (Figure 2), yields
equations that describe the temperature variation with time
inside the mill. The symbols ¢ and 7 represent the length
and residence time of a single mixer respectively while (o)
is the back-mixing coefficient which is related to the axial
dispersion coefficient.

. (1=%)RO

CiTr () +
L@ _ 1

dt 7C,

(1-¢)
_ KvpalLf Dr2n (1_‘])(q51 - qal)

Fi (1)
(6a)

TF¢ (1)

Mixer k =2 to n-1
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CyT (1) + CaTisa (1) — C (1+ ) T (1)

B)RO

anm _ 1 (1-o) Ft (0) )
dt 70| KypaA(DE(1-3)(ds, — Ga )
TF¢ (1)
Mixer n:
ChaTna(t) = CTa (1) (l_ip ) P (©
aT, ) 1 (1-¢) F (1) .
dt  7C, KyPaL! D (1-9)(ds, — Gay ) ©9

TF¢ (1)

The values of the back-mixing coefficient (pp) lie between
0 (no mixing) and 1 (perfectly mixed state). This parameter
is a strong function of slurry solids concentration and could
be estimated by the relation, (¢, = Ka + Kg/x) [11], where Ka
and kg are obtained by regression.

2.3. Mass — Size Balance

The size-mass balance is developed with reference to the
mill system in Figure 1. Applying the principle of mass
conservation to the milling process, the rate of accumulation
of material of size i = rate of entry of material of size i from
the feed + entry of material of size i from breakage of larger
sizes - material destroyed in size i by fracture - disappearance
of material of size i through discharge. This can be
mathematically represented by the following steady state
equation.

ImFmYpi = ZtFmYi — 2t FaYpi

i-1
j=Li>1

where:ly ; =B ;- B, n>i>] ;

bn,j :Bn,j’ j=n

The parameters b and S are the breakage distribution
function and the selection function respectively that can be
obtained using equations proposed by Austin et al [1], while
Fm, xmand y denote the mass flow rate through the mill and
the slurry solids fraction inside the mill and in the feed
stream respectively. The rest of the parameters retain their
earlier definitions. For a well-mixed mill, the size of particles
inside the mill would be equal to the mill product size (l; = yyi)
and the average residence time would be given by the
relation, (z= M/F,,).

The population balance equation presented in Literature
[1, 6] for determining the selection function characterizes
particles only by their sizes. However, it is well recognized
that the mechanical properties of brittle materials such as
mineral bearing ore rocks strongly depend on deformation
rate and strain rate. Therefore in population balance
modelling of particle breakage process, the selection
function should allow for particles to be characterized

simultaneously by their size and fracture energy. The
function should comprise the probability of a particle being
selected for breakage and the probability of the energies
generated by the impacts being sufficient to break the
particles.

According to the work by Crespo [2], the probability of
the energy applied being sufficient to break the particle is
related to the fraction of the absorbed impact energies in a
given time interval that are higher than the fracture energy.
Similar observations were made by Tugcan and Rajamani
[20] in a separate study using ultra-fast load cell data, who
further indicated the dependence of this probability on
particle size and material specific properties. For instance, a
material with a higher hardness index would store more
strain energy during deformation hence depending on the
level of applied strain, it may require repeated impacts to
fracture a hard material. This observation is supported by the
data from Discrete Element Method (DEM) [4, 15], which
shows that the impact frequency inside the mill depends on
the level of energy applied. Due to lack of appropriate data
on fracture energies of various mineral ore rocks, the size
dependent rate of particle fracture shall be adopted in our
model. From equation 7, the dynamic mass-size balance
model can be written as follows:

d| M@y, ®)

% = Fr)ys ()
i-1

- Fds(t)ypi ® + zbiijM(t)ypj () ... 8)
i

i>1
= SiM(t)ypi (t)

The vectors, Yyi(t) = [Yp (D), Ypo(0), .- Yon()]" and yri = [ys,
Vio, ... Yim]" represent the mass fraction of solids in the mill
product and mill feed respectively in discrete size classes
while Fgs (= ¢ Fr) and Fgs (= ym Fq) are the mass flow rates of
the solids in the feed and discharge streams respectively. For
overflow mills, typical of the one used in this study, the
volume of slurry present in the mill is reasonably constant
over a wide range of operating conditions, hence the
volumetric feed rate to the mill equals volumetric discharge
rate at all times. Utilizing this fact, the variation in proportion



International Journal of Control Science and Engineering 2019, 9(1): 1-8 5

of solids in slurry, defined here as the mass of solids per unit
mass of slurry in the mill, can be described by the following
equation.

Similarly to the energy balance, the size-mass balance is
performed with reference to the mill system presented in
Figure 1. The superscripts in the brackets denote the mixing
cell number i.e. k = 1 to n where n is the total number of

dym(t 1
lst() = ;(;(f —m) (9)  mixing cells considered.
Mixer 1:
d[m®y§ o] Y@ 0 S
——— =F O xya®) +
dt (I-@)  (1-a)
(10a)
+ my(t) Zb.,S,y ® -Siy§®
|J>1
Mixer k =2 to n-1:
d[m Oy 0] Fow |
_ ) +1) k)
at = (1_%){ —1yp| t) + Zk+1%yp| (t) — (1+%)ypl (t)}
(10b)
+ my(t) _Zb.,S.yp,)(t) -5y
|>1
Mixer n:
dmoyPo]  Fo .
— ) 1) — (n) t
- Ty 0 = o] -
(10c)
+ My () Zb.,sjyp,)(t) SiyS ()
|>1
The mass holdup of solids in each individual mixer at any d7e (1) 1 N (1+g)
time instant is dependent on; the level of solids concentration el A\ — AkA Y Xkt 10T B Zk} (11b)
in the mixer, the mass feed rate and the residence time of the dt T 1-m
individual mixer as follows: Mixer n:
t)=7 pyFs (t); m(t
ml(_) Xrs ( ) k( )_ . dZn (t) _ 1 Ina — Xn (110)
= TP () 5 my(t) = 7 Fe (1) dt 7\ l-¢

It is expected that the wvariation in slurry solids
concentration between mill cells (my, m, and m,) would be
marginal due to back-mixing effect. Performing the solids
balance around the n mixers, we obtain the following
equations representing the dynamic variation of solids
concentration in each respective mixer.

Mixer 1:

dn@® _ g{zf .

1la
dt T (113)

Mixer k =2 to n-1:

The task of mass and energy balancing has been
accomplished numerically using MATLAB ode45 solver.

3. Results and Discussion

3.1. Experimental Data

Experimental data utilized in this research was obtained
from an industrial secondary ball mill at Anglo-Platinum
concentrator plant in South Africa at typical operating
conditions. The mill measured 7.3 m diameter by 9.6 m long.
Under normal operating conditions, the mill ball filling is
30% of total mill volume, mill speed is 75% of critical speed,
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solids concentration in slurry is 75%, solids feed rate is 330
tph and rated power draw is 9500 KW. Figures 3 and 4
present the trends in the data for 14 experimental surveys
conducted at varying conditions.
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Figure 3. Trends of mill temperature change and slurry solids
concentration for 14 surveys conducted on an industrial mill
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Figure 4. Trends of mill power draw and product size (Pgo) for 14 surveys
conducted on an industrial mill

A systematic pattern is clearly displayed in the trends of
slurry solids concentration and mill temperature changes.
Increasing the solids concentration tends to suppress the
temperature gradient. This trend could be attributable to
improved mixing inside the mill at higher solids
concentration. This observation points to an available
possibility of using information contained in mill
temperature profile to track the evolution of slurry solids
loading inside the mill. A consistent trend is also noticeable
between the mill power draw and mill product size (Pg),
which are efficiency indicators of a milling process. The Pgg
is finer at higher mill power and vice versa which is
consistent with the experience in milling practice. However,
as solids concentration is increased, the mill power reduces.
This is because the mass of the slurry pool in the mill (which
exerts a torque counter to the torque drawn by the load)
increases more rapidly than the mass of slurry in the load.

3.2. Steady State Tests

A total of 14 tests were conducted on a full scale ball mill
at different steady states to allow measurements of mill
temperature change between the feed and discharge points.
The steady state set points were as follows: Load filling of

0.25, 0.3, 0.33 of total mill volume and slurry solids
concentration of 65%, 67%, 70%, 72% and 75%. The results
obtained were compared with model predictions as shown in
Figure 5. The model describes the experimental data fairly
well at steady state conditions.
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01234567 8 910111213 14
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Figure 5. Comparison of measured versus model predictions of mill
temperature changes for 14 surveys conducted on an industrial mill

3.3. Dynamic Response Tests

Test results of the model showing dynamic response of
mill temperature to step changes in slurry solids
concentration are shown in Figure 6. The corresponding
results of the mill product size distribution for 30 minutes of
milling are presented in Figure 7. The parameters used in the
model are presented in Tables 1 and 2. The mill parameters
are entered into the model simulator interactively using a
simple user interface.

Table 1. Model parameters

Ope':zl::):;s'[?:r::“iters Other parameters and coefficients
D 7.3m Ky 4.8 Kg 0.591
9.6m Ki 50 Cs 0.31 kJ/kg.K
N 75% Critical K 25 Cuw 4.18 ki/kg.K
J 0.3 Ka -0.114 RH 70%

Table 2. Breakage and selection functions parameters

Breakage parameters Selection function parameters
B 4.0 Ar (min™) 1.1
(0] 0.4 o 1.2
y 1.6 m 9

A 31

The results in Figure 6 show that the mill product is finer
at higher solids concentrations of 75 and 80%. We believe
that at higher proportion of solids, the slurry viscosity and
particle packing is increased which enhances the friction
within the mill load thereby strengthening the load lifting
action, consequently improving the grinding. Also, the high
energy impacts that result from high lifting action generate
more heat which induce temperature rise. This explains
the observed trends in Figure 7. Dilute slurry (lower solids
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concentration) tends to reduce friction within the load and
cushions the ball impacts thus suppressing the grinding
process.
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Figure 6. Simulated particle size distribution of the mill product after 30
minutes of milling
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Figure 7. Simulated in-mill temperatures for 30 minutes of milling at
different levels of slurry solids concentration

3.4. Sensitivity Test

The sensitivity of temperature to variations in solids
concentration and mill dilution water was assessed by the
model. The mill simulation was run for 30 minutes
(measured residence time) at each steady state before
introducing a step change in the feed solids concentration by
adjusting the mass flowrate of dilution water. The total
simulation time was 90 min for the 3 levels of solids
concentration utilized.

The profile of temperature changes correspond well with
variations in slurry solids concentration and mill dilution
water as demonstrated by the results in Figure 8, but only
from a qualitative approach. Changes in mill temperature
coincide with changes in solids concentration as feed
dilution water is adjusted. Addition of dilution water results
in negative change in temperature. These trends clearly
indicate the sensitivity of temperature to perturbations in the
slurry solids concentration. Thus, the evolution of slurry

solids concentration inside the mill can be well traced using
temperature profile.
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Figure 8(a, b, c). Profile of mill temperature change with variations in
feed solids concentration and mill dilution water

4. Conclusions

A simple dynamic model combining energy, mass and
population balances has been utilized to assess the dynamic
response of the mill to changes in mill operational
parameters for purpose of establishing a predictive control
tool. The manipulated parameters are solids feed rate, feed
solids concentration and dilution water while the response
variables are mill power draw, mill temperature and mill
product size distribution (Pg). The results demonstrate a
good dynamic response of the model to variations in mill
operational parameters. Specifically, the profile of
temperature changes inside the mill corresponds well to
changes in mill slurry solids concentration. These
observations justify the exploration for novel process control
strategies that would enhance the effectiveness of mill
control. The results assert the recommendations by previous
researchers [13, 21] that temperature could provide
significant insights into process behavior of a mineral
processing unit which in turn may help to improve the
control and optimization of the process. Once accurately
calibrated, the temperature model can assist in providing
early diagnosis of an ‘ailing’ mill that could be drifting off
the desired operating curve.



8 Augustine B. Makokha and Lawrence K. Letting: Dynamic Modelling of Temperature
in a Wet Ball Mill Based on Integrated Energy-Mass-Size Balance Approach

ACKNOWLEDGEMENTS

The authors are grateful to Anglo-Platinum, South Africa
for the financial support and providing the industrial mill
data.

REFERENCES

[1] Austin, L., Klimpel, R., and Luckie, P., 1984. Process
engineering of size reduction: Ball milling. Society of
mining engineers, pp 341-384.

[2] Crespo, E. F., 2011. Application of particle fracture energy
distributions to ball milling kinetics. Powder Technology, 210
(3): 281-287.

[3] Curry, JA., Ismay, MJ.L., Jameson, G.J.,, 2014. Mine
operating costs and the potential impacts of energy and
grinding, Miner. Eng. 56: 70-80.

[4] Datta, A., Mishra, B.K. and Rajamani, R.K., 1999. Analysis
of power draw in ball mills by discrete element method,
Canadian Metallurgical Quarterly, 38: 133-140.

[5] Da Silva, W. P., Gama, F. J. and Gomes, J. P., 2012. An
empiric equation for the latent heat of vaporization of
moisture in bananas during its isothermal drying, Agricultural
Sciences, 3 (2): 214 — 220.

[6] Faria, P. M. C., Tavares, L. M. and Rajamani, R.K., 2014.
Population balance model approach to ball mill optimization
in iron ore grinding, Proceedings of XXVII International
Mineral Processing Congress, (Vol.1) Santiago, Canada.

[7] Fuerstenau, D. W and Abouzeid, A,-Z.M., 2002. The energy
efficiency of ball milling in comminution, Int. J. Mineral
Processing, 67: 161 — 185.

[8] Herbst, J.A, Pate, W.T and Oblad, A.E., 1992. Model based
control of mineral processing operations, Powder Technology,
69: 21-32.

[9] Herbst J.A., Potapov A.V., 2004. Making a discrete grain
breakage model practical for comminution equipment
performance simulation, Powder Technology, 143-144:
145-150.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Le Roux, J. D., Skogestad, S and Craig, I. K., 2016.
Plant-wide control of grinding mill circuits: Top-down
analysis, IFAC Papers-online, 20: 72 — 77.

Makokha, A. B., 2011. Measuring, characterisation and
modelling of the load dynamic behaviour in a wet
overflow-discharge ball mill, Ph.D Thesis, University of the
Witwatersrand, Johannesburg.

Makokha, A. B, Moys, H. M, C. Couvas and Muumbo, A.,
2009. Steady state inferential modeling of temperature and
pressure in an air-swept coal pulverizing ball mill, Powder
Technology, 192: 260 — 267.

Moys, H. M., Bwalya, M., Van Drunick, W., 2005.
Mathematical modelling for optimization of mineral
processing operations, J.S.Afr. Inst. Min. Metall. 105:
663-674.

Overlez, J., Velthoven, P., Sachse, G., Vay, S., Schlager, H and
Overlez, H., 2001. Comparison of water vapour measurement
from POLINAT2 with ECMWF analyses in high humidity
conditions. J. Geophys. Res., 105, 3737-3744.

Rajamani, R, K., Songfack, P. and Mishra, B.K., 2000.
Impact energy spectra of tumbling mills, Powder Technology,
109: 105-112.

Stamboliadis, E. Th., 2002. A contribution to the relationship
of energy and particle size in the comminution of brittle
particulate materials, Minerals Engineering, Vol. 15, 707 —
713.

Stamboliadis, E. Th., 2007. The theory of comminution
specific surface energy, mill efficiency and distribution mode,
Minerals Engineering, 20, 140 — 145.

Tavares, L. M., 2017. A review of advanced mill modelling,
KONA powder and particle journal, 34: 106-124.

Tromans, D., 2008. Mineral comminution: Energy efficiency
considerations, Minerals Engineering, 21 (8): 613-620.

Tugcan, T.E. and Rajamani, R.K., 2011. Modeling breakage
rates in mills with impact energy spectra and ultra fast load
cell data, Minerals Engineering, 24 (3-4): 252-260.

Van Drunick, W.l. and Moys, M.H., 2003. Online process
modelling for SAG mill control using temperature
measurements, energy balancing and inferential parameter
estimation, In Proceedings of IMPC.



