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ABSTRACT
Visualising the Pareto-optimal solutions and their objectives can be
challenging, more so when the number of objectives is large. �e
paper proposed the combined use of clustering and parallel coordi-
nates plots to visualise the Pareto-optimal solutions. �e trade-o�
surface is �rst segmented using a clustering algorithm, and parallel
coordinates plots are then used to visualise the resulting set of
Pareto-optimal designs. �e paper described the analysis from the
waste heat recovery system optimisation commonly found in the
food and drinks process industries, comprising of a desuperheater
coupled to a hot water reservoir. �e system was parameterised,
considering typical objectives, and MOEA was used to approxi-
mate the Pareto-optimal designs. �e proposed visualisation was
used to be�er understand the sensitivity of the system’s parame-
ters and their trade-o�s, providing another source of information
for prospective installations. Original publication: M. Mokhtar, S.
Burns, D. Ross, and I. Hunt, Exploring Multi-Objective Trade-O�s in
the Design Space of a Waste Heat Recovery System, Applied Energy,
Elsevier, Vol. 195, 1 June 2017, Pages 114-124
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1 INTRODUCTION
�ere is a growing interest in the use of Multi and Many Objectives
Optimisation Algorithm, more so for the use of Multi and Many
Objectives Evolutionary Algorithms (MaOEA). �e key bene�ts of
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using MaOEA is that a set of Pareto-optimal solutions is approxi-
mated. However, when the number of objectives are large (n > 3),
visualising the results of the Pareto becomes a challenge. More so
when one wishes to convey both the trade-o� information between
the solutions, whereby, not only will the objectives have to be visu-
alised, but there is a need to visualise both the solutions and their
objective values together, in order for the trade-o� information to
be conveyed most e�ciently.

To aid in the analysis of the results from high-dimensional multi-
objective optimisation, and to identify a reduced set of represen-
tative designs, the paper has proposed an alternative method of
visualising the Pareto-optimal solutions. �e solutions are �rst clus-
tered into k-number of clusters, either in the design space or the
parameter space, to identify the degree of commonality between the
solutions. For each cluster identi�ed, parallel coordinate plots [1]
are used to visualise the Pareto-optimal solutions. �e correlation
between a solution and its objective values in a speci�c cluster are
identi�ed by the common colour used in both plots. �is method
of visualisation can therefore reduce the number of �gures (and
tables) to depict the results signi�cantly, down to 2k �gures.

2 MULTI-OBJECTIVE OPTIMISATION
For the waste heat recovery system optimisation presented in the
paper, the objectives that were considered for the optimisation are:

(1) to minimise the need for back-up energy when the heat
captured by the WHRS is insu�cient to meet demand,

(2) to maximise the overall savings when using the WHRS,
i.e. the di�erence in the external energy usage with and
without the WHRS installation,

(3) tominimise the temperature di�erencewhen the demanded
temperature was not met,

(4) to minimise the temperature di�erence when the HWR
water temperature exceeds the demand,

(5) to minimise the exceeding mass of water in the HWR from
its maximum limit ofmwtmax , when the water is replen-
ished from the mains,

(6) to minimise the waste heat not captured.

�e parameters of the WHRS to be optimised are:

(1) mwtmax : the maximum mass of water in the HWR, i.e. the
capacity of the HWR,

(2) mwtmin : the minimum mass of water that must be met
when the hot water is demanded, also known as the depth
of discharge (DoD),

(3) Tmx : the maximum temperature level of the HWR,
(4) Pbmax : the maximum power of the back-up heater,
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Figure 1: Parallel coordinate plots showing clusters of solutions in the Pareto set. Each solution in a cluster is indicated by a
di�erent coloured line.

(5) ṁwdmax : the maximum mass �ow rate of the water enter-
ing the desuperheater (DSH).

Figure 1 depicts the Pareto-optimal solutions approximated and
their objective values. To avoid clu�er, the y-axes are not shown for
each dimension; rather, all values are normalised and scaled to the
interval [0, 1], allowing the use of a shared y-axis. �e limits used
in the normalisation for each objective and parameter are detailed
in the paper. �e correlation between a solution and its objectives
values in a speci�c cluster is distinguishable by the common colour
used in both plots. Typically, a company would prefer that a small
HWR is to be installed. If a small tank (parameter 1) is preferable
with small running cost (external energy used, objective 1), a solu-
tion is available from the Pareto-optimal set (clusters 3 and 4). �e
solutions however comes at the expense of the amount of waste
heat recovered (objective 5), and in turn, in the amount of savings
achieved (objective 2), if one was to compare these clusters with
that of cluster 1, consisting of solutions with larger tank sizes. �is
similar observation was made in [2], whereby, if payback period
was a priority, the solution will come at the expense of its e�ciency
and e�ectiveness of the waste heat recovery. If a small tank is, how-
ever, required, solutions in cluster 4 provide a be�er investment
in comparison to those in cluster 3. �e proposed visualisation
method has aid in conducting this trade-o� analysis.

3 CONCLUSION
�e paper shows how a multiobjective evolutionary algorithm
(MOEA) in concert with multidimensional visualisation methods
can be used to explore the design space of a waste heat recovery
system (WHRS), which recovers waste heat to provide hot water

stored in a hot water reservoir (HWR). Multi-objective approaches
explicitly identify solutions with di�erent trade-o�s, providing a
broader view of possible design choices. �is is particularly impor-
tant when optimisation objectives are mutually exclusive, common
in a number of the engineering systems. �e MOEA, �rst, �nds the
Pareto-optimal solutions. Clustering is then used to partition the
Pareto-optimal solutions into a smalller number of representative
trade-o� solutions that could be considered by potential installers,
with the parallel coordinate plots used to visualise the solutions.
�e combination of the two therefore eased in the trade-o�s analy-
sis between the solutions. In the case study presented, if one was
to prioritise the minimisation of cost through the installation of
a small HWR, this may impact on the e�ectiveness and e�ciency
of the WHRS in recovering waste heat, and in turn the savings
achieved. �is trade-o� is made obvious when the Pareto-optimal
solutions and their objectives were displayed using the proposed
visualisation methods.
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