
Introduction
The computational cost associated with the use of high- fidelity
CFD models poses a serious impediment to the successful
application of optimisation algorithms in engineering design.
Evaluation of such models may take significant computational
time for complex geometries. In many design problems,
thousands of function evaluation may be required to undertake
an optimisation study. As a result, CFD models are often
impractical for design optimisation. In contrast, surrogate
models are compact and cheap to evaluate (order of seconds or
less) and can, therefore, be easily used for such tasks.

Case Study – Sediment transport in a Thickener
The aim of this study was to:
• build a surrogate model from the CFD model of material

transport generated by raking in a thickener, detailed in [1],
and

• to use the surrogate to investigate optimum rake blade angle
and speed.

The rake geometry is illustrated in Figure 1. The CFD output
quantities total torque and a measure of plug flow were used for
the surrogate building. The plug flow metric is calculated as the
residence time standard deviation divided by the mean
residence time for plug flow. An example of the graphical output
from the model is shown in Figure 2.

Results
Surrogate Building
All of the RBF (Radial Basis Function) surrogate models (one
for each CFD output quantity) were built using the SUrogate
MOdelling (SUMO) MATLAB toolbox[2] with the toolbox flow
control illustrated in Figure 3. Surrogate accuracy assessment
was performed using a 20-fold cross-validation.
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Optimisation – Multiple objective functions
In multi-objective optimisation problems there are many
solutions where a trade-off between objective functions exists.
Such trade-off (optimal) solutions provide a clear front (Pareto-
optimal) when plotted in objective space. Not all rake designs
will lie on the Pareto-optimal front; in fact there are often more
sub-optimal configurations than optimal. In multi-objective
optimisation the task is to find the set of solutions that define the
Pareto-optimal-front by considering all objectives to be
important.
Rather than using multi-objective optimisation algorithms as
discussed by Deb[3], a novel approach is taken here for finding
the Pareto-optimal front. The surrogate model is evaluated at
many different design variable combinations to generate the
objective space feasible region. The Pareto-optimal front is
located on the boundary of this region. For this case, a grid
comprising of 2600 input point combinations was evaluated for
each of the objective functions, with the total evaluation time
being less than 1 minute. The objective function values for each
of these input points can be plotted in objective space (blue
diamonds), as shown in Figure 5, with the Pareto-optimal front
marked by the red line.

Conclusion
Output from a CFD model of sediment transport in a raked
thickener was used to produce surrogate models representing
rake torque and plug flow behaviour. Examples were provided
demonstrating how these surrogate models can be used to
optimise the rake design using both a single and multiple
objective functions.
It must be stressed that surrogate models are only as good as
the underlying CFD model from which they are created.
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Figure 4: Contour plots showing the three different objective functions and the optimum value (white star) for (a)
80:20, (b) 50:50 and (c) 20:80 preference to torque and plug flow metric, respectively.

Figure 1: Example rake blade
configurations, (a) 0°, (b) 30 and (c) 65°.

Figure 2: Residence time contours on a plane through the rake
(rake speed 1.25 rpm, blade angle 30º). Ten linearly distributed
colour bands of blue to red from 0 to 4000 s. In this case study,
the system was a 2 m diameter pilot thickener, 2 m high with a
14° floor angle. The rake was comprised of two arms, each with
5 equi-spaced blades, on a 75 mm diameter rake shaft. The blade
angle could be varied from 0-65°. Each blade was 290 × 75 mm
and they were positioned with a gap of 23 mm between the blade
and the thickener floor. Slurry is fed into the thickener through a
ring manifold at a rate of 3 m3 h-1. The slurry is non-Newtonian
with the rheology being input as a rheogram determined from
experiments.
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Figure 3: SUMO toolbox flow control used for building the RBF surrogates.

Optimisation – Single composite objective function
The case study is a multi-objective optimisation problem with
two competing objectives – minimise rake torque and maximise
the plug flow behaviour. This can be framed as a single
objective function problem using combinations of the individual
objective functions. Contour plots of three composite objective
functions with different preferences for each of the individual
objective functions are shown in Figure 4.

Blade angle (deg)

R
ak

e 
sp

ee
d 

(r
pm

)

 

 

0 10 20 30 40 50 60 65

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Blade angle (deg)

R
ak

e 
sp

ee
d 

(r
pm

)

 

 

0 10 20 30 40 50 60

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Blade angle (deg)

R
ak

e 
sp

ee
d 

(r
pm

)

 

 

0 10 20 30 40 50 60

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Figure 5: Responses for the rake transport case study plotted in objective space with the Pareto-optimal front
marked by the red line. The coloured stars on this line indicate the locations of the three optimal solutions found
using the different composite objective functions.
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