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Comminution and flotation circuits are frequently perturbed by disturbances, such as feed particle
size variations, ore hardness and varying mineral liberation, which can have a significant impact
on the recoveries and grades. Although advanced control strategies can neutralize many of these
disturbances, few such systems have been implemented at present. One reason is that it is only
recently that the requisite sensor systems have been developed and used to control froth flotation
systems. Another is owed to the complexity of these non-linear interactive systems. In this paper,
a plant-wide control strategy is considered, wherein both unit operations have a single overall
control objective. The automated design of the controller is based on an advanced evolutionary
algorithm viz., Symbiotic, Memetic Neuro-Evolution (SMNE), for developing neural network
controllers in a reinforcement learning framework. A rigorous phenomenological comminution
and flotation model was used to develop suitable neurocontrollers, which used all possible sensor
inputs and available manipulated variables. The neurocontroller managed to identify optimal or
near-optimal operating conditions consistently and showed robust performance in the presence of
significant disturbances. The results suggest that evolutionary reinforcement learning offers a very
competitive approach towards the development of integrated non-linear controllers for mineral
processing plants.
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Introduction

The efficiency of mineral processing operations, i.e.
concentrating raw ores for metal extraction, impacts
significantly on the operating cost of the final metal
products. First, valuable minerals are liberated from the ore
matrix in a comminution circuit, comprised of grinding
(e.g., ball mills) and classification (e.g. hydrocyclones)
units. The liberated minerals are subsequently concentrated
according to chemical or physical properties in flotation
(i.e., by surface chemistry) or magnetic separation. The
overall control objective of both circuits is to produce a
concentrate that maximizes the venture profit of the
concentrator, which is determined by the throughput,
recovery and grade of the concentrator product.

The comminution and flotation circuits both contribute to
maximizing the venture profit associated with the
concentratel. The comminution circuit conditions the ore
for optimal liberation and surface chemistry for improved
recovery and grade in the flotation circuit. Since the
comminution circuit’s liberation is not measurable on-line,
the control objective for comminution attempts to maintain
a particle size distribution deemed optimal for flotation.
Disturbances to the comminution circuit, such as ore
hardness and feed particle size variations, lead to sub-
optimal particle size distributions, affecting the flotation
unit adversely. In addition, flotation circuits are perturbed
by numerous disturbances unrelated to comminution, viz.
mineralogical composition, varying solution composition

and ore surface changes. Other than supplying a fixed
particle size distribution, current grinding circuit control
schemes do not take the current operating condition of the
flotation circuit into account. Comminution circuit control
actions are based purely on sensor information from the
comminution circuit. Similarly, typical flotation control
strategies do not consider how the current operating
condition of the grinding circuit impacts the flotation unit,
i.e. flotation control actions are rarely based on sensor
information from the comminution circuit.

The flotation circuit must have knowledge of the
operating condition of the grinding circuit, adjusting its
control action based on disturbances in the comminution
circuit. Since the consequences of these disturbances are fed
forward to the flotation circuit, the flotation control system
would benefit from such a feedforward control approach.
Clearly, changes to the manipulated variables of the
flotation circuit have no impact on the comminution circuit
operating condition. However, the comminution circuit
should adjust its control strategy based on the operating
condition of the flotation circuit. Thereby, the comminution
control strategy may aid the flotation circuit in attaining its
optimal operating conditions. Each circuit’s control strategy
should therefore have knowledge of the current state of the
other circuit. Better integration between the control
strategies for the comminution and flotation circuits serves
the overall control objective for the two circuits.

Empirical and phenomenological models and on-line
analysers (i.e., X-ray fluorescence) for comminution and
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flotation circuits allow better integration of a common
control objectivel. Nevertheless, conventional control
design techniques do not take full advantage of such
rigorous models and frequently require linearization or
simplification (for computational purposes) of these non-
linear models. Non-linear control has demonstrated superior
performance to linear control, since disturbances may cause
the operating conditions to stray far from specified set
points. The pairing of process and manipulated variables in
the control structure has also proven complex, owing to the
highly interactive nature of both comminution and flotation.
Comminution circuit and flotation control strategies have
included mature and emerging technologies, viz. PID
regulators, feedforward control, multivariate control
systems, adaptive control, model predictive control, fuzzy
logic control and neural network control2. In most cases the
control objective involves process stability (both flotation
and -comminution are-open-loop unstable);, whereupon
recovery is maximized at a desired concentrate grade3. The
overall objective remains the highest possible economic
return from the complete circuit. Although a common
control objective exists, comminution and flotation are
considered typically as separate entities. Plant-wide control
approaches have been proposed by Bascur (1991)1, Munoz
and Cipriano (1999)4 and Sosa-Blanco ef al. (2001)5.

Another such combined control strategy stems from
evolutionary reinforcement learning. Evolutionary
reinforcement learning algorithms, such as Symbiotic
Memetic Neuro-Evolution (SMNE), provide a framework
for automated learning from direct cause and effect (reward
and punishment) interactions with non-linear models. Full
advantage may thus be taken of rigorous process models by
only specifying the desired overall control objective,
without needing to specify how to achieve the control
objective.

Symbiotic Memetic Neuro-Evolution (SMNE)

The idea that humans learn by interacting with their
environment is fundamental to the mechanism of human
learning. A newborn infant has no explicit teacher, but the
infant does have a direct sensor-motor connection to its
environment. Interaction with its environment produces a

wealth of information regarding cause and effect, regarding
the consequences of actions, and also regarding which
behavioural patterns will lead to achieving a specific goal
or reward. Knowledge of cause and effect patterns provides
the learner with the ability to influence the environment
through a particular behaviours.

Reinforcement learning is a computational approach to
automating goal-directed learning and decision-making. It
is distinguished from other computational approaches by its
emphasis on learning from direct interaction with its
environment (Figure 1), without exemplary supervision or
even complete models of the environment. The learning
process typically starts with a randomly structured
controller that is initially unfamiliar with the actions that
execute a given task successfully. This requires a learning
process that entails a search for a particular controller
structure that executes an appropriate set of actions yielding

the highest possible reward. The controller learns by
sensing the state of its environment and based on this
stimulus, takes actions that affect the current environmental
state. Furthermore, the controller requires a clearly defined
goal relating to the desired environmental state or the
criteria for the successful completion of the control task.
Reinforcement learning thus provides a framework for
explicitly defining the interaction between a learning
controller and its environment in terms of states, actions
and rewards. It thus provides a means to program
controllers using cause and effect (reward and punishment)
interaction information, without needing to specify how the
goal is to be reacheds.

A learning controller interacts with a discrete dynamic
system in an iterative fashion as follows. Initially the
system may be at an arbitrary state. The controller observes
the current state of its environment (or representation
thereof) and selects a control action., The discrete dynamic
environment subsequently enters a new state and a reward
is assigned based on this new state. The objective is to
determine a sequence of tasks that will maximize the
expected total reward. Note that the input signals do not
explicitly direct the controller towards a control policy.
Learning is based solely on whether a controller output
resulted in a desirable state. Learning may require
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Figure 1. Controller-environment interaction
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experimenting with strategy policies that may occasionally
produce unacceptable results in a real world environment.
Therefore, simulated systems are more appropriate for
learning control strategiess.

Evolutionary reinforcement learning entails searching in a
population of possible controller structures (i.e., neural
network structures) in order to find a behavioural pattern
that encompasses effective control action in the
environment. A neurocontroller is comprised typically of
collections of neurons. Each neuron specifies the
connections and the associated weight from the input (i.e.,
process states) to the output layer (i.e., manipulated
variables). The performance of such a neurocontroller
depends on the connections and the weight values of each
neuron. A wide variety of training procedures can be used
to optimize neurocontrollers. In the genetic algorithm
paradigm, effective neurocontrollers produce offspring,
which promotes the propagation-of-effective-neurons
(genetic material) in the population. Symbiotic, Memetic
Neuro-Evolution (SMNE)7 is an advanced genetic
algorithm that promotes cooperation amongst neurons,
thereby providing genetic diversity in the controller
population. This ensures a robust search for the global
optimum. In addition, a cooperative mechanism encourages
a search for partial solutions (i.e., neurons) that execute the
complete control task. Several parallel searches for partial
solutions accelerate the optimization process”.

A neurocontroller is implemented in a closed loop with a
direct inverse control architecture as illustrated in Figure 2.
In this study, the SMNE algorithm integrates the control for
a comminution and flotation circuit, each described by a
rigorous non-linear dynamic model.

Integrated comminution and flotation model

The comminution and flotation circuit models are non-
linear systems characterized by significant process
interactions within and between the two circuits. Changes
in a manipulated variable of the comminution circuit can
thus affect one or several process variables in the flotation
circuit.

Rajamani and Herbst (1991)8 have developed a
comminution circuit model from pilot plant data that
includes a ball mill, sump and hydrocyclone in a closed

loop arrangement (Figure 3). Fresh ore (My) is slurried by
the addition of water, Qwy, before entering the mill. The
ball mill model is represented by a population balance using
a linear, size-discretized model for the breakage kinetics.
The selection function is proportional to the specific power,
determined by the Bond power correlation. The mill
product is fed into a sump that is diluted by water addition
(Owsp), whereupon the sump discharge is fed to the
hydrocyclone. The hydrocyclone overflow is fed to the
flotation circuit and the underflow is recycled to the ball
mill. The manipulated variables for the ball mill include:
the feed dilution rate (Qwyg), the mill speed (N, the sump
dilution rate (Qwsp) and the sump discharge rate (Qsp). This
rigorous comminution model was integrated with a rigorous
flotation model.

Flotation circuits are also characterized by non-linearities,
strong interactions and large and variable time delays.
Bascur (1982)% developed-such-a-rigorous-dynamic flotation
model based on a pilot scale flotation cell. The simulation
model consists of four phases, viz. liquid in the pulp (LP),
bubbles in the pulp (BP), liquid in the froth (LF) and
bubbles in the froth (BF) as illustrated in Figure 4. The
particles are divided into three mineral species (j) and four
particle sizes (i). Particles enter the cell at flow rate, Qpeed,
and may remain in the liquid in the pulp, become entrained
in the liquid in the froth (Qg) or attach to a bubble in the
pulp at rate Kij ’ The particle concentration in LP is
further supplemented by particles detaching from BP (at
rate K,jPD ) and particles draining into LP via LF (Qg).
Particles attached to BP are transported to the froth phase
with the aeration rate, Q4, and once in BF detach into LF (at
rate K,-]-FDT). First order kinetics is assumed throughout.
From LF, the particles are carried away as concentrate (Q.).
The internal flow rates Qg, Qg and Q. are determined by
empirical correlations. The manipulated variables for the
system are the aeration rate (Q4), the tailings flow rate (Qr),
the frother concentration (Cy) and the agitator speed (Ngor).

The two combined dynamic models encompass 79
ordinary differential equations, linked by a constant mineral
liberation fraction in each particle size. This fraction of
liberated mineral for each particle size is also used as a
disturbance to the flotation circuit.

Disturbances
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Figure 2. SMNE neurocontroller closed loop architecture. The neurocontroller input may comprise process variables (yr), past manipulated
variables (z-1 (u)) and reference signals (1)
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Figure 4. Flotation cell model structure

to the neurocontroller were: the mass fraction < 53 [pum] in
the hydrocyclone overflow (mor), the sump volume (Vj),
the hydrocyclone overflow rate (Qor), the sump particle
concentration (Csp), the overflow concentration (Cor), the

Neurocontroller development and
performance

The SMNE algorithm was used to develop a feedforward

i

neurocontroller with 9 process variable inputs, 12 hidden
nodes and 9 manipulated variable outputs. The nine inputs
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flotation cell pulp height, the concentrate flow rate (Q.), the
flotation grade and recovery. Recovery and grade had

APCOM 2003




sample intervals of 10 [min], while mor had a sample
interval of 2 [min]. Poor sensor reliability was simulated by
introducing a Gaussian error with a standard deviation of
5[%]. The neurocontroller outputs comprised all the
available manipulated variables for both the comminution
and the flotation circuit. In the SMNE cooperative
framework, the 12 hidden neurons had different
functionalities (i.e. partial solutions). Since no single
neuron could execute the control task alone, all twelve
neurons had to cooperate in obtaining the overall objective.
The functionality of some neurons thus relate to flotation,
while others pertained to the comminution circuit. Though
these partial solutions were quite different, the neurons had
to cooperate effectively to attain the maximum reward. The
SMNE algorithm optimized the genetic population by
evaluating the objective function in Equation [1] (i.e.,
reward function) over a 1000 time steps (totalling 60 [min])

for each neurocontroller structure. With this objective
function, the objective was to find the grade-recovery curve
point where the throughput of the mill is maximized.

1000 1
Fitness = J. t M, 1]
O | [l—grade|+|l—recovery|+|l - T3

Although the neurocontroller learned to control the
combined comminution and flotation circuit without the
presence of disturbances such as feed particle size
variations, ore hardness or varying mineral liberation, the
neurocontroller maintained stable and robust performance
in the presence of significant disturbances during
validation. For validation, simultaneous Gaussian
disturbances in nominal comminution feed particle size
(between x 30[%]), ore hardness (between + 60[{%]) and
mineral liberation (between = 30[%]) were introduced at
3.5 [min] intervals. From Figure 6 and Figure 7 the
comminution and flotation circuits remained stable while

the plant was controlled from a random initial condition to
the optimal operating point, despite significant
disturbances. The dashed lines in Figure 7a-b show the
optimum operating conditions learned by the
neurocontroller, based on Equation [1], without
distarbances of any kind. Other controller development
techniques frequently require adaptation to maintain stable
operation, but the generalization afforded by the neural
network control structure made on-line adaptation of the
neurocontroller weights unnecessary. In further contrast to
other controller development techniques, no assumptions
needed to be made regarding the pairing of process and
manipulated variables. SMNE used all available process
sensors as inputs and all the available manipulated variables
for control actions. The optimum combination of input-
output pairings is implicitly discovered by SMNE.

Figure 5 illustrates the grade-recovery map for the

flotation cell, which represents the fitness landscape that
SMNE optimized based on the fitness criterion (Equation
[1]). Although grade and recovery are not associated with
the comminution circuit, these performance measures were
affected by the mill thoughput, My, particle size distribution
in the overflow, ds, and the feed rate to the flotation cell,
Qor. No set point value for particle size was provided to the
neurocontroller. SMNE needed to implicitly determine the
optimal particle size (i.e., dsp) that would best aid the
flotation cell in achieving its objective. Since My is a
manipulated variable, the neurocontroller learned that
setting Myrto the maximum 136 [kg/h], was well within the
capacity of the flotation cell. The throughput criterion was
thus set to its maximum. This effectively eliminated the
fresh ore feed as a manipulated variable to maintain an
optimal particle size distribution. The particle size
distribution in the hydrocyclone overflow is determined by
the solids fraction (volume basis) (i.e., the solids
concentration in the sump) and the flow rate to the
hydrocyclone feed. The cut size for the hydrocyclone, dso,
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Figure 5. Simulated grade-recovery map. Letters are varying feed flow rates [¢min]: (a) 20.7, (b) 15.7, (c) 14.7, (d) 13.7, (e) 12.7, (f) 11.7.
Numbers are varying operating conditions from (1, squares) Q4 = 40 [¢min], Nuot = 900 rpm, C; = 1.8-10-4 M; (2, triangles) Frother
concentration changed to 2.4-10-4 M and diamonds Ny changed to 950 rpm; (3, solid circles) change in aeration to 50 [¢#/min]; (4) change in
LP level
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could thus be controlled by the sump discharge rate, Qsp,
(also determines the water split) and the dilution rate, Qwsp.
SMNE identified a dso of +£140 [um] which corresponded to
a mor of between 0.5-0.6 [-] during disturbances. All the
first order kinetic constants in the flotation model depend
on particle size, making a dsp of 140 [um] the optimum for
the flotation of the desired mineral species.

As seen in Figure 5, the hydrocyclone overflow was
further constrained by the flotation cell feed rate. At similar
operating conditions, a larger feed rate resulted in a higher
grade, but lower recovery than lower feed rates. The
gradient of the horizontal grade-recovery lines implied that
minimal control effort was required to boost recovery,
whereas large operating changes increased the grade only

slightly. From Figure 6, SMNE found a flotation cell feed
rate of 11-12 [¢/min], placing the operating conditions in
the right-hand quadrant of the grade-recovery map. The
other manipulated variables determine whether the
operating region is in the upper or lower quadrant. SMNE
set the aeration rate at the maximum allowed by the model
validity (60 [¢/min]). A high aeration rate benefited the
transport of particles attached to BP into froth. For
maximum throughput the neurocontroller fixed Q4 at its
maximum. High aeration rates conform to operation on the
lower horizontal grade-recovery curve, trading easier
improvements in recovery for slightly reduced grades.
Figure 7c shows that the air hold-up in the pulp remained
approximately constant, owing to the constant Q4 selected
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Figure 6. Comminution circuit process variables
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Figure 7. Flotation cell process variables

214

APCOM 2003




by the neurocontroller. The air hold-up in the froth was
largely dependent on the frother concentration, Cy.
Increasing the frother addition rate, increased the stability
of the froth and the flow of water to the concentrate
(empirical correlation for Qg reflects this relationship). The
air hold-up in the froth was inversely proportional to the
surface tension (proportional to Cy) of the liquid. Increasing
Cr thus decreased the air hold-up in the froth, maintaining
stability of the froth with a higher liquid hold-up in the
froth. A higher liquid hold-up in the froth allowed for a
larger concentrate flow rate, Q¢. The water balance
correlations for Qp, Q¢ and Qg have complex
interdependencies based on the operating conditions. Figure
7d shows the optimization of the internal flow rates of the
flotation cell, with a high ratio of Q¢ to Qg, allowing for
high throughput with minimal return of floated particles to
the pulp.

need only identify the relationships between the target
variables and the input variables (including the manipulated
variables).
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