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ABSTRACT
Wave Energy Converters (WECs) with optimised geometries and control systems have been developed in recent
years to advance marine energy technologies towards commercialisation. In particular, a number of WEC hull
geometry optimisation studies have been performed, due to the high cost reduction potential associated with
the device structure. However, no standard and consistent method has been established for this purpose. For
example, different optimisation formulations (single-objective and multi-objective), have been used, applying
different optimisation algorithms. Additionally, a range of objective functions have been employed, where
power maximisation has been represented through a variety of metrics, and cost minimisation expressed with
diverse cost proxies. The goal of this study is to address the challenge of finding a suitable optimisation problem
formulation with single-objective or multi-objective implementations, and the respective objective functions,
that support the exploration of shapes that reduce the levelised cost of energy. Results show that submerged
surface area cost proxies are more suitable for this purpose than volume-based cost proxies. Results from a
multi-objective optimisation formulation can provide a good understanding of the solution space, whereas
results from single-objective studies can be used for seeding these multi-objective optimisation approaches.

1. Introduction
A number of Wave Energy Converters (WECs) have been developed
in recent decades aiming at producing improved device designs capable
of high annual energy production at low costs. Different metrics have
been used to compare these devices depending on the purpose of the
study. The Levelised Cost of Energy (LCoE) is used in the energy generation industry as a metric that enables comparison between different
technologies, based on their generation costs. It is also used within the
wave energy sector to compare different devices. The LCoE describes
the ratio of Capital (CapEx) and Operational (OpEx) Expenditures to
the Annual Energy Production (AEP), discounted to their Present Values
(PV), through a discount rate. This is used widely for energy system
analysis [1], and for the comparison of more developed technologies,
such as photovoltaic [2] or power-to-gas [3] systems. However, in
the case of emerging technologies such as wave energy, it is difficult
to use this metric at early design stages, given the lack of available
information on costs. Simultaneously, the use of design optimisation
to generate novel and improved WEC designs without going through
expensive build and test iterations is key to advance these technologies.
For this reason, WEC geometry optimisation studies have been
performed for different types of devices, such as single-body [4] and,

two-body point-absorbers [5], terminators [6], attenuators [7], and
oscillating water columns [8]. A review of previous WEC geometry
optimisation and comparison studies was provided in [9]. In general
terms, most studies were based on simple geometry definitions, such
as cylindrical-type shapes or spheres, or were performed for specific
device designs. Some more generic approaches in terms of geometry
definition were applied by McCabe et al. [4] based on a B-spline
surface representation of the hull, or Abdelkhalik et al. [10] based
on the use of polynomial and Bezier curves for the representation of
an axisymmetric hull shape. Most of the studies aimed at maximising
overall power production and minimising costs, using single-objective
formulations [4] or multi-objective formulations [5] to represent these
competing objectives. A number of proxies were used to represent these
objectives. However, design optimisation approaches rely on the use
of suitable metrics for comparison and selection of potential solutions.
For this reason, a number of methods for quantifying the trade-off
between power generation and costs of different WEC designs have
been developed with the goal of allowing device comparison.
From a power performance perspective, different metrics were applied to eight different types of WECs in [11]. Additionally, different
Technology Readiness Levels (TRLs) have been identified at which
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Nomenclature
f
g
h
Hm0
HV
MaxGen
NInd
NParents
PÑ
Ppm
PP T O,MAX
R
S
SI
Te
V
vn
x
⌘c
⌘m
⌦
⇠
AEP
CW
CWR
DoF
GA
NSGA-II
PM
PSO
PTO
PV
RAO
SBX
TPL
TRL
WEC

Objective function (NA)
Equality constraint (NA)
Inequality constraint (NA)
Significant wave height (m)
Hypervolume (NA)
Maximum number of iterations defined for
an optimisation (NA)
Number of individuals in genetic algorithm
(NA)
Number of parents in genetic algorithm
(NA)
Mean annual produced power (W)
Power per metre crest length (W/m)
PTO rating (MW)
B-spline surface function (NA)
Submerged surface area (m2 )
Submerged surface area calculated with
Method I (NA)
Energy period (s)
Submerged volume (m3 )
Vertex (NA)
Vector of decision variables (NA)
Solution space (NA)
Distribution index for crossover (%)
Distribution index for mutation (%)
Wavelength (m)
Search space (NA)
Stroke (m)
Annual Energy Production (MWh)
Capture Width (m)
Capture Width Ratio (%)
Degree of Freedom (NA)
Genetic Algorithm (NA)
Non-Dominated Sampling Genetic Algorithm (NA)
Polynomial Mutation (NA)
Particle Swarm Optimisation (NA)
Power Take-Off (NA)
Present Value (NA)
Response Amplitude Operator (–)
Simulated Binary Crossover (NA)
Technology Performance Level (NA)
Technology Readiness Level (NA)
Wave Energy Converter (NA)

different Technology Performance Levels (TPLs) can be expected [12].
Based on the review of a range of device design optimisation and
comparison studies, the following was concluded in [9]. Overall, the
use of mean annual power [4] is preferred, rather than Capture Width
(CW) [13], Capture Width Ratio (CWR) [14], oscillation Response
Amplitude Operator (RAO) [15,16] or velocity [17]. This is because:
(1) The behaviour of the device is highly dependent on the resource
and evaluating a device at a single wave height and period is not
representative of its behaviour in a real sea. This results from the fact
that, optimisation procedures using these approaches tend to converge
on devices with a natural period equivalent to the studied wave period
(e.g. [16]). (2) The device performance will vary depending on its
power absorption capabilities. This cannot be taken into account when

using RAO or velocity as a proxy for power performance. Even if an
optimal control is used as in [4], rather than a more realistic control as
suggested in [18], this allows the application of an upper limit on the
AEP. (3) Certain measures of the device, such as the submerged volume,
can be constrained to avoid the optimisation converging towards very
big or very small devices, depending on the objective function. In this
way, the use of device-dependent measures in the objective function,
such as the characteristic length, can be avoided.
From a techno-economic perspective, metric comparison studies
were performed by de Andrés et al. [19] and methods for economic
assessment of WECs were reviewed by Astariz and Iglesias [20]. Yu
et al. [21] have proposed a whole system economic model, however,
only a few examples of models aiming at a whole system economic
evaluation exist, such as that implemented by Teillant et al. [22]. In
WEC geometry optimisation studies, device size has been commonly
considered as a cost proxy, represented through device mass [10],
volume [5,23], surface area [5,23], or characteristic length [24]. A
preliminary study comparing the use of different objective functions
in WEC hull geometry optimisation was presented by Garcia-Teruel
et al. [23], where it was found that submerged surface area was a
better representative for costs than submerged volume when using an
adaptable geometry definition, such as based on a B-spline surface
representation. However, when using simple shapes (e.g. cylindricaltype shapes) little difference was found in the optimisation results
when applying volume versus surface-area-based cost proxies by Blanco
et al. [5]. Mass and submerged volume can be considered equivalent
in this context, given that the displaced water mass can be represented
through the submerged volume and the density of water. The use of a
characteristic width or length, which has different physical implications
for different types of WECs, is not considered a suitable metric for
use in a generic method for device comparison. That is, for example,
for a terminator type surging device the characteristic width may be
defined as the width of the device perpendicular to the predominant
wave direction. However, if the device is floating or bottom-fixed its
overall volume and surface area may vary significantly despite the
characteristic width being the same which would result in an unfair
comparison. Additionally, if looking at other types of devices such as
attenuators, the characteristic length will likely be defined as the length
of the device parallel to the wave direction rather than its width, so that
it will be difficult to compare the CWR of different types of devices.
A lack of an established methodology for WEC hull geometry optimisation, and particularly a lack of consensus on the most suitable
metric used in the objective function are identified. The present study
addresses this gap by investigating the suitability of a range of objective functions for WEC hull geometry optimisation. This focuses
on enabling a fair device comparison and the generation of shapes
with properties that result in an increased AEP and reduced costs.
Additionally, single and multi-objective optimisation formulations have
different requirements for the objective functions. For this reason, both
problem implementations when using different objective functions are
compared. Establishing the most suitable methods for WEC design and
comparison supports technology developers to generate improved preliminary device designs and serves funding bodies to evaluate different
technologies.
The method used for the present study is summarised in Section 2.
The cases using different objective functions and optimisation algorithm formulations are introduced in Section 3. The results obtained
with different objective functions are then compared in Section 4.1. The
multi-objective implementation results are shown in Section 4.2, where
the most suitable implementation is identified, and the results are
compared to the single-objective optimisation results. Finally, the main
conclusions and method recommendations drawn from these studies
are presented in Section 5.
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2. Methodology
The key elements of a WEC hull geometry optimisation process were
identified to be the geometry definition, the objective function and the
optimisation procedure in [9], and are shown in Fig. 1. In a WEC geometry optimisation process, the geometry is defined through a number
of design variables, the optimal values of which are searched in the
optimisation process, so that an objective function is minimised or maximised. In a single-objective optimisation formulation a single objective
function is used, whereas in a multi-objective optimisation formulation
a number of objective functions are applied and the trade-off in their
minimisation or maximisation is pursued.
The suitability of the key elements: (1) geometry definition and (2)
optimisation algorithms used for a single-objective problem formulation were discussed in detail in [26]. In that study, it was found that
using an adaptable geometry definition capable of generating diverse
shapes, such as the approach proposed in [4], instead of simple shapes,
such as a hemisphere, a vertical cylinder or a barge, could result in up
to 224% higher objective function values. Preferred meta-heuristic optimisation algorithm implementations were also obtained for different
problems considering single rigid-body floating devices oscillating in
one or multiple Degrees-of-Freedom (DoFs) and with different objective
functions. This led to an improvement in objective function values of
up to 11% while reducing the computational time by up to 50% when
compared to applying the method described by McCabe in [4]. Therefore in [26], the focus was on finding the most suitable approaches for
defining the geometry and choosing the optimisation algorithm for a
single-objective optimisation problem.
The focus of the present study is to investigate the suitability of the
other key elements, which are the choice of the objective functions
and their effect on optimal geometry, as well as, the suitability of
the optimisation formulation. The investigated elements are framed
in Fig. 1 with a dashed line. As such, the overall goal is to identify
the most suitable WEC hull geometry optimisation approach. As in
the previous study [26], this is done based on a rigid single-body
floating device (e.g. point-absorber, terminator, or oscillating wave
surge converter), however, the findings from these studies are expected
to be applicable to a wider range of WECs with rigid hull structures. A
detailed discussion of the implementation of the geometry definition
and the hydrodynamic model, as well as the single-objective problem
formulation is provided in [26], however, a brief overview of the
main approaches and assumptions used for each of the key elements
is introduced in the following for context. The considered case studies
in terms of the different objective functions and the multi-objective
optimisation formulation are presented in detail in Section 3.
2.1. Optimisation procedure
First, the general formulation of single-objective and multi-objective
problems is introduced to establish the terminology that will be used in
the subsequent sections and sub-sections to define each of the elements
of the optimisation process.
Single-objective formulation
A single-objective optimisation problem is defined as a problem in
which the optimal values for a number of decision variables xi are
searched so that an objective function f (x) is minimised or maximised.
The search space ⌦, i.e. the full range of possible decision variable values, is constrained through bounds and non-linear constraints defining
restrictions between certain variable combinations. The solution space
i.e. the space of feasible solutions for the studied objective function,

can be constrained by various equality gj and inequality hk constraints.
This is represented mathematically below in the standard form [27].
min f (x)

objective function:
decision variable:

equality constraint:

inequality constraint:

f (x),

for f À

x = {x1 , … , xm } À ⌦

gj (x) = 0 for j = 1, … , n

hk (x) f 0 for k = 1, … , o

(1)

Here f represents the objective function and x the vector of optimisation variables. The optimisation variables are the design variables
that define the WEC hull shape. For the single-objective optimisation,
a detailed study for the selection of the optimisation algorithms and
their implementation was presented in [26]. Meta-heuristic optimisation algorithms (both Genetic Algorithms (GAs) and Particle Swarm
Optimisation (PSO) algorithms) were applied and a total of 14 different implementations were compared. The shapes resulting in the
highest objective function values in this previous study are used here
to discuss the suitability of the objective function. It should be noted
that although the shapes resulted from the same runs discussed in
the previous study, the shapes themselves and the suitability of the
objective functions were not discussed there.
Multi-objective optimisation
In Multi-objective Optimisation Problems (MOPs) optimal solutions
for a problem with various conflicting objectives (f(x) = {f1 , f2 , … , fn })
are searched. As opposed to the single-objective optimisation problem,
more than one solution will be optimal depending on the relevance
of each objective function. This can be written mathematically in the
standard form [27].
min f(x)
objective functions:
decision variable:

equality constraint:

inequality constraint:

f(x) = {f1 , f2 , … , fn }
x = {x1 , … , xm } À ⌦

gj (x) = 0 for j = 1, … , n

(2)

hk (x) f 0 for k = 1, … , o

Analogously to single-objective optimisation problems, the optimal
values for a number of decision variables xi are searched. The solution
space l i.e. the space of feasible solutions for each objective function
fl , can be constrained by various equality gj and inequality hk constraints. To clarify how different solutions are compared here versus
for single-objective implementations, the concept of Pareto dominance
(x « y) is introduced. One solution is said to dominate another one,
when it performs better in all, or is equally good but better in at least
one, of the objective functions (Eq. (3))
≈i À 1, … , n : fi (x) f fi (y) · «i À 1, … , n : fi (x) < fi (y)

(3)

In Fig. 2 (a) possible solutions of a bi-objective optimisation problem
are represented in the objective space, where the objectives are minimised. Solutions a to d are non-dominated solutions and hence have no
other solutions within their dominance cones marked in blue. Solution e
is dominated by solution b, and solution g represents a solution weakly
dominated by solution e and strictly dominated by solutions b, c and f .
A solution not dominated by any other in the objective space is
called Pareto optimal. The Pareto front represents the corresponding
objective functions’ values of a Pareto optimal set. The implementation
and choice of multi-objective optimisation algorithms is based mainly
on three conflicting goals [29].
1. Proximity to true Pareto front
The estimated Pareto front should be as close as possible to the
true Pareto front.1
1
The true Pareto front is the Pareto front representing the objective
function values of all optimal solutions. Pareto fronts found with the help
of meta-heuristic methods will approximate the true Pareto front, but the
optimality of the obtained solutions cannot be proven.
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Fig. 1. Flow chart of the optimisation procedure showing an overview of the studied elements. The most suitable objective functions considering combinations of overall mean
annual produced power PÑ , submerged volume V , and submerged surface area S are studied. This is done in single-objective formulations applying Genetic Algorithms (GAs) and
Particle Swarm Optimisation (PSO) algorithms. These are compared with a multi-objective optimisation formulation using the NSGA-II algorithm [25].

Fig. 2. Schematic representation of bi-objective optimisation solution characteristics: (a) Pareto dominance, (b) Diversity and spread [25].
Source: Adapted from [28].

2. Diversity
The solutions of the estimated Pareto front should be uniformly
distributed.
3. Spread
The solutions of the estimated Pareto front should represent
the whole spectrum of solutions within the Pareto front. This
requires evaluating solutions at the limits of the true Pareto
front.
These goals are represented in Fig. 2, where in (b) the concepts of
diversity and spread can be visualised.
In the present study, a number of implementations for the multiobjective formulation will be first evaluated, to find the most suitable
implementation — as was done for the single-objective algorithms
in [26]. The best results from the most suitable multi-objective implementation will then be compared to the best single-objective results by
comparing the respective objective function values when using different
objective functions.
2.2. Geometry definition
A geometry definition capable of generating very diverse shapes is
used, due to its proven ability to generate more optimal results [26].
This approach was first suggested by McCabe in [4] and was extended
for its applicability to a wider range of problems in [26]. The WEC
hull geometry is defined based on a polyhedron with an x–z-symmetry
plane, as shown in Fig. 3. Following the interpolation method that

was demonstrated to result in better performing shapes in [30], further
points are interpolated between the corner points. They all serve as
control points to build a bi-cubic B-spline surface. These vertices can
move randomly in space within the defined limits. Some of the vertices’
coordinates are fixed, since the vertices lie on the free surface or on the
symmetry plane, but the rest (22 in total) can be changed randomly
within defined ranges. Note that spherical coordinates (rn , ✓n , n ) are
used for each vertex vn .
The 22 coordinates represent the 22 design variables (x1 , x2 , … , x22 )
considered in the optimisation. Upper and lower bounds are defined
for these variables to ensure that resulting shapes were closed and not
self-crossing:
2.5 m frn f 12.5 m

*7⇡_16 f✓n f *⇡_16
⇡_16 f
⇡_16 f
⇡_2 f

n
n
n

f 15⇡_16
f ⇡_2

f 15⇡_16

n = 1, … , 11
n = 4, 5, 6, 10, 11
n = 3, 6
n = 2, 5
n = 8, 10.

Additional constraints are applied, that define design variable limits
with respect to each other:
2
5

f
f

3
6

f
f

8,
10 .

Finally, a constraint was defined based on the shape’s submerged
volume to avoid the optimisation converging on very small or very
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Fig. 3. Geometry definition based on a polyhedron with numbered vertices vn and vertex coordinates (rn , ✓n , n ). Additionally, some example representations of interpolated
points are shown in grey [31].
Source: Adapted from Figure 1 in [4].

large shapes. Refer to [26] for further implementation details.
250 m3 f V f 4000 m3

2.3. Geometry evaluation according to objective function
When exploring the best WEC designs, the goal is to find solutions
that maximise overall mean power generation and minimise overall
costs. To represent power generation the overall mean annual power
produced at a given location is used. This is because, as discussed in [9],
in cases where proxies for power are used, such as oscillation velocity or
RAOs, or calculating mean power absorption for a single sea state, the
absorption capabilities of the device are not considered and resulting
shapes may not be optimal in real sea conditions. To represent costs,
common proxies have been based on the device size measured in terms
of submerged volume or submerged surface area. Characteristic lengths
and widths have also been used, which are not recommended in [9]
since they will strongly depend on the type of device considered and
so do not support comparison. For this reason, submerged volume and
submerged surface area are considered here to represent costs.
Manufacturability considerations for WEC geometry optimisation
were discussed in [32], which highlighted that the presence of high
curvatures or double curvatures can increase manufacturing complexity. However, design for manufacturability is not the focus of this
study, where a more generic approach for early stage design creation
is pursued. So at this stage, to allow for a broader search of the
design space free of designer bias, it is assumed that (1) the goal
is to generate potentially more suitable shapes without constraining
the design process more than necessary, (2) if a certain design shows
significant advantages the manufacturing process may be developed
later. Since the goal is also to find the most suitable objective function
to generate shapes with characteristics that result in reduced costs, the
manufacturability aspect is only discussed qualitatively based on the
general features of the resulting shapes.
The suitability of the objective function is, therefore, discussed
based on two main aspects. Firstly, the difference in achieved values
for mean annual produced power, submerged volume and submerged
surface area is assessed when applying the different objective functions.
Secondly, the resulting shapes are compared qualitatively in terms of
their general features and how these are expected to impact on their
structural integrity and manufacturability characteristics.
The approaches used to represent overall mean annual power generation and costs are introduced here, whereas the considered case studies, in terms of the investigated objective functions and the approach
for their comparison, are introduced in Section 3.1.

Overall mean annual produced power calculation
The overall mean annual power PÑ is assessed at a particular location
by calculating the mean produced power for a number of sea states
taking into account their occurrence probability. Each sea state is
defined through a significant wave height Hm0 and energy period Te .
The wave climate is described using irregular waves represented by
a Bretschneider spectrum for a location off the West-Shetland shelf.
The corresponding scatter diagram can be found in [4], for which
the mean power transported per metre of crest length averaged over
a year amounts to 72.8 kW/m. The hydrodynamic behaviour of a
shape is analysed using WAMIT [33] a Boundary Element Method
based software. WAMIT is a linear radiation/diffraction panel method
which solves for the response of floating or submerged bodies moving
under the action of surface waves. Frequency-domain methods such as
WAMIT (other examples include Nemoh [34] and Ansys Aqwa [35])
have been used extensively to model WECs and WEC arrays. Examples
of such studies include [36], where Nemoh and WAMIT results were
compared. The power production is then assessed with the help of a
pseudo time-domain model. This model is based on a frequency-domain
method which uses a semi-optimal impedance matching control, that
tunes the WEC to resonate at the energy period (Te ) of each sea state.
The oscillation time series ⇠(t) is then calculated to be able to apply
PTO rating (PP T O,MAX ) and stroke (⇠MAX ) constraints for the power
calculation. It should be noted that the PTO characteristics and the
chosen control strategy will influence the outcome of the optimisation [37,38], and coupled geometry and PTO optimisation should be
considered in the future [18]. Finally, a constraint was applied based
on the maximum capture width CWMAX of an axisymmetric body
depending on the modes of motion i and the power per metre crest
length Ppm in deep water conditions in the considered sea state. All the
mentioned constraints are defined below.
⇠MAX (i) = 5 m

 i = 1, 2, 3

⇠MAX (i) = ⇡_4

 i = 4, 5, 6

⇠MIN (i) = *⇠MAX (n)

PP T O,MAX = 2.5 MW

 i = 1, 2, 3, 4, 5, 6

0 MW f PÑ (Hm0 , Te ) f CWMAX Ppm

In the original implementation a surging only device was considered [4]. The implementation of the hydrodynamic model was,
however, expanded to be able to consider devices oscillating in any
DoF and combinations of those (see [39]).
To discuss the most suitable approaches for WEC hull geometry
optimisation a single DoF and a multiple-DoF case are studied here:
a surging only device, and a surging, heaving and pitching device.
The behaviour of the optimisation problem is expected to be similar for other single-DoF (e.g. heaving only devices) and multi-DoF
cases (e.g. surging and heaving devices), and so the particular cases
considered here are chosen to serve as reference cases.
Submerged volume calculation
The software used to calculate the hydrodynamic coefficients for
each geometry, WAMIT, also provides their submerged volume calculated with three different approaches. The average of those three values
is used as the submerged volume for each shape.
Submerged surface area calculation
Three different ways (Method I, Method II, and Method III) of
calculating the geometry’s submerged surface area were investigated
to find the best trade-off between accuracy and computational time.
These were based on the summation of areas of triangular surfaces
of a discretised geometry representation and on the integration of the
parametric surface description.
Since the geometry is defined through a bi-cubic B-spline surface,
some background is given in the supplementary material (Appendix B)
on the bi-cubic B-spline surface calculation. In brief, such surface will
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be defined as a parametric function R(u, v) for the parametric directions
u and v.
From the parametric integral
The most accurate approach uses the parametric surface function (4)
to obtain the surface area. This will therefore be used as the reference
approach and will be referred to as ‘Method I’ and its respective surface
area representation as SI .
SI (u, v) =

u=umax

v=vmax

Ûr ù r Û dudv
vÛ
Û u

(4)
)R(u, v)
)R(u, v)
, rv =
)u
)v
It should be noted that because R(u, v) is defined piecewise, the surface area SI has to be calculated through piecewise integration in
intervals of [umin , umax ] = ([u0 , u1 ], … , [um*1 , um ]) and [vmin , vmax ] =
([v0 , v1 ], … , [vn*1 , vn ]).
where

u=umin

v=vmin

ru =

From a discretised surface
The submerged surface can be discretised into squares by evaluating
the surface S represented by R(u, v) at a discrete number of values of u
and v (Method II), or by using the low-order mesh outputted by WAMIT
(Method III), which is generated from the bi-cubic B-spline surface
description. The low-order panels are obtained by making use of the
WAMIT parameter ILOWGDF, which instructs the program to calculate
the low-order panels based on the indicated resolution.
In both cases, a number of points representing the surface are available which are not necessarily co-planar. For this reason, calculating
the surface area of the quadrilaterals would require a projection of
the points onto a common plane. By dividing the surface into triangles
instead, this problem is overcome without additional operations. The
total surface area is then approximated as the addition of all the
triangular surface areas.
Method selection
These three methods were implemented and compared based on
accuracy and the required computation time. As mentioned before,
Method I is the most accurate method, and is used as the reference
case for comparison. The results show that the surface area is slightly
overestimated when using Method III and underestimated when using
Method II. The lowest calculation time (2s) is achieved with Method III
for ILOWGDF=20 (equivalent to approximately 30,000 panels), which
also results in only 0.073% difference in surface area from the reference
case (Method I). Method III, therefore, shows the best trade-off between
computational time and surface area calculation accuracy and was,
thus, used within the optimisation algorithm to evaluate the surface
area of the generated geometries. This method should be generally
applicable for any hull shape modelled in WAMIT.
3. Case studies
3.1. Geometry evaluation according to the objective function
Optimal shapes resulting from optimisation processes where volume
was used as a proxy for costs, tend to have complex shapes with
increased surface area, despite a reduction in the volume. This can be
observed from the initial results presented in [39]. Instead submergedsurface-area-based cost proxies are recommended since these will be
representative of the amount of material required for manufacturing
and, hence, costs. This agrees with the reasoning followed by Driscoll
et al. [40], who proposed representing structural costs through the
device surface area and a representative hull thickness for the Wave
Energy Prize. The fact that different metrics have been used in the past
based on diverse arguments shows the importance of investigating the
suitability of different metrics for cost representation in the objective
function.
The overall mean annual produced power PÑ and the displaced
volume V were employed in the objective functions of the original

implementation [4], where the volume’s cube root was used as a proxy
for a characteristic length. The following objective functions were
minimised in [4] and are, therefore, again employed here.
f1 = *PÑ = f (x1 , x2 , … , x22 ),
(5)
Ñ
P
f2 = * ˘ = f (x1 , x2 , … , x22 ),
(6)
3
V
PÑ
f3 = * = f (x1 , x2 , … , x22 ).
(7)
V
New objective functions are introduced based on the submerged
surface area S, where its square root is also used as a proxy for a
characteristic length, and the displaced volume raised to the power of
2_3 is used as a proxy for the submerged surface area. These objective
functions are also set to be minimised within the present optimisation
process.
PÑ
= f (x1 , x2 , … , x22 ),
V 2_3
Ñ
P
f5 = * = f (x1 , x2 , … , x22 ),
S
PÑ
f6 = * ˘ = f (x1 , x2 , … , x22 ).
S
f4 = *

(8)
(9)
(10)

The suitability of the objective function is discussed based on the
achieved values for *PÑ , V and S and the WEC hull geometries obtained
when using these different objective functions.
3.2. Optimisation procedure
Both single and multi-objective formulations have been used in the
past for WEC hull geometry optimisation. To discuss the suitability of
the different formulations and the objective functions used in each case,
results from single and multi-objective formulations will be compared.
The most suitable algorithm implementations used for single-objective
formulations were discussed in [26]. For fairer comparison, a similar
study is performed here, where different implementations of a multiobjective algorithm are studied first, before the best results from both
formulations are compared. Meta-heuristic algorithms are employed for
this purpose, since they are more suitable to solve complex problems
with many optimisation variables. They are generally able to find a
good enough solution within an acceptable time scale, whereas the
computational time required with exact methods increases rapidly with
problem complexity [41]. That is, in cases where the objective function
has multiple maxima and minima, meta-heuristic algorithms have been
proven to perform a more effective search of the solution space and
are more likely to find global optima when compared to, for instance,
gradient-based methods. They also encourage a broader search of the
solution space than direct methods, which is critical when working with
so many continuous decision variables. The employed implementations
and the approaches for comparison are detailed below.
Elitist non-dominated sorting genetic algorithm (NSGA-II)
The NSGA-II algorithm for multi-objective optimisation is well accepted and has proven to consistently generate good solutions for
different types of problems. It simultaneously considers elitism and
diversity, and has an improved computational efficiency, with computational effort growing quadratically with population size, as detailed
in [42]. The NSGA-II algorithm is applied based on the implementation
found in [43]. This implementation uses Simulated Binary Crossover
(SBX) and Polynomial Mutation (PM). For comparison, the genetic
operators employed in the single-objective implementation of Intermediate Recombination and Breeder Genetic Algorithm Mutation [44]
are also applied. The main difference between the genetic operators
used within the original NSGA-II versus the ones used in the singleobjective implementation [4] is that the former employ a polynomial
probability distribution for the crossover and the mutation steps. The
NSGA-II genetic operators are explained in more detail in [45,46]. A
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Table 1
Summary of NSGA-II setting combinations to improve exploration vs exploitation
characteristics.
Implementation
I
II
III
IV
V

NInd

22
22
22
22
44

⌘c

⌘m

20
10
20
NA
NA

20
20
10
NA
NA

NParents

NA
NA
NA
20
40

summary of all the above-mentioned genetic algorithm operations is
provided in the supplementary material (Appendix B) based on the
information available in Refs. [44–46].
The investigated parameter combinations for the NSGA-II algorithm
are summarised in Table 1. For the SBX and PM implementations (I–
III), small ⌘c values result in offspring with higher probability of being
more widely spread than for higher ⌘c values. With this method, near
parent solutions are more likely to be chosen than with Intermediate
Recombination. The value of ⌘m determines the order of perturbation
O(1_⌘m ) of the normalised optimisation variable. Higher ⌘m values will,
therefore, result in smaller mutations relative to the optimisation variable’s value. NSGA-II implementations IV and V are equivalent to the
single-objective implementations in [26] GA-I and GA-IV, respectively.
They are mainly characterised by the use of a different number of individuals (NInd ) and of parents selected for crossover (NParents ). NSGA-II
implementations will from now on be referred to by the number listed
in Table 1, for example NSGAII-I referring to implementation I.
Multi-objective algorithm performance indicators
A large number of performance indicators have been proposed to
compare the quality of Pareto front approximations obtained from
different multi-objective algorithms. A review of a range of indicators
is given by Audet et al. in [47], where indicators are classified into
four groups cardinality, convergence, distribution and spread, and
convergence and distribution indicators.
Audet et al. [47] identify the hypervolume and hyperarea difference2 metrics, which are convergence and distribution indicators, to be
the most relevant performance indicators. Riquelme et al. [48] confirm
that the hypervolume is the most used metric in the optimisation
research community.
For this reason, the hypervolume metric is introduced in the following based on [47,49]. The hypervolume (HV ) measures how much of
the solution space is dominated by the approximated Pareto front, by
calculating the size of the objective space that is dominated by these
solutions. A high hypervolume measure indicates a good approximation
of the true Pareto front. This is represented in Fig. 4, where two
sets of solutions A and B are represented through the points in grey.
The reference point rref is represented by the blue point and the
hypervolume for each of the solution-sets by the blue area.
The main advantages of this measure are that it captures both the
closeness to the true Pareto front and the spread of the solutions, and
its mathematical properties. It has been proved that the hypervolume
will just achieve its maximum value if and only if the approximated
Pareto front contains Pareto optimal points. The main disadvantage
is that the results are sensitive to the choice of the reference point.
Methods for a consistent reference point choice were, however, introduced in [50]. Depending on the choice of the reference point, extreme
points can have a bigger weight than other points. Additionally, the
HV is computationally expensive to calculate, with computation time
increasing exponentially with the number of objectives. For this reason,
approximations with reasonable errors are often used. Monte Carlo
2
The hyperarea difference is a hypervolume equivalent metric for the direct
comparison of the performance of two algorithms.

Fig. 4. Representation of the hypervolume measure for two sets of solutions A and B,
where HV (B) > HV (A) [25].

Fig. 5. Representation of the hypervolume measure approximation [25].

sampling [51] of the solution space has been used in multiple approaches, where the hypervolume is used as an objective function and
the contribution of each solution to the hypervolume is used as a
decision argument to replace solutions in the Pareto front [52,53].
The approximation used here and illustrated in Fig. 5 is based on
implementations [54–56]. Random points, shown in black in Fig. 5,
are generated within the solution space enclosed within the minimum
achieved values of each objective function and the reference point.
The reference point, shown in blue in Fig. 5, is defined according to
Ishibuchi et al. in [50] for two-objective problems as rref = (r, r), where
r = 1 + 1_(nSol + 1) with nSol being the number of solutions in the
Pareto front and the solution space being normalised with r À [0, 1].
Then the hypervolume is calculated based on the number of randomly
sampled solutions that are dominated by the approximated Pareto front
(represented by the grey points in Fig. 5) in relation to the total number
of sampled solutions.
Finally, to discuss the suitability of the multi-objective and the
single-objective formulations, the best results obtained with the multiobjective optimisation formulation are then compared to the results
of the single-objective optimisation formulations, when optimising for
*PÑ and V simultaneously, as well as when optimising for *PÑ and S
simultaneously.
4. Results
4.1. Suitability of the objective function
The shapes resulting in the highest overall objective function value
from the runs in [26] are used here to analyse the effect of the choice of
objective function on the optimal shape. The resulting optimal shapes
shown in Figs. A.11, A.12, A.13, A.14, A.15, and A.16 are compared
based on their performance, submerged volume and submerged surface
area for the surging case in Table 2 and for the surging, heaving and
pitching case in Table 3. The corresponding values achieved for PÑ _V
and PÑ _S for all cases can be found in Table 4. Note, for each of
the subfigures (a) to (b) in Figs. A.11, A.12, A.13, A.14, A.15, and
A.16, there are two images of the corresponding optimal submerged
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Table 2
Overview of the optimisation results in terms of the values achieved for PÑ , V and S
for a device oscillating in surge.
Objective
Function

Power
[kW]

Volume
[m3 ]

Surface area
[m2 ]

f1 = *PÑ

359.890

3426.843

875.666

240.977

359.994

609.033

225.460

255.652

490.557

221.750

251.698

456.489

200.232

839.501

386.109

345.707

2524.107

781.526

Ñ

P
f2 = * ˘
3

V

f3 =

Ñ
* VP

Ñ

f4 = * V P2_3
Ñ

f5 = * PS

Ñ

f6 = * ˘P

S

Table 3
Overview of the optimisation results in terms of the values achieved for PÑ , V and S
for a device oscillating in surge, heave and pitch.
Objective
Function

Power
[kW]

Volume
[m3 ]

f1 = *PÑ

954.684

2262.850

801.101

775.872

250.209

496.047

764.204

250.017

434.857

784.169

250.341

460.508

505.340

250.071

175.760

677.894

250.336

265.092

Ñ

P
f2 = * ˘
3

V

Ñ

f3 = * VP

Ñ

f4 = * V P2_3
Ñ

f5 = * PS

Ñ

f6 = * ˘P

S

Surface area
[m2 ]

geometry. The left image is a view of the geometry from above the
free surface and the right image is a view from below the free surface.
Regarding the obtained values for mean annual produced power,
submerged volume and submerged surface area shown in Tables 2 and
3, the following can be observed. As expected, the highest value of
mean annual power is achieved by geometries optimised to maximise
power, which also achieve the highest submerged volume and surface
area values. The lowest mean annual power value is achieved by shapes
Ñ
optimised for f5 = * PS . They also achieve, as expected, the lowest
surface area value. In the multiple-DoF case, the submerged volume
approaches the set lower bound of 250m3 . The volume of optimal
shapes resulting from volume-based objective function cost proxies also
tend to approach this lower bound.
If comparing the ratios of PÑ _V and PÑ _S shown in Table 4, it
Ñ
becomes apparent that f1 = *PÑ and f6 = * ˘P result in very
S

similar values in the single-DoF case, which shows that in this case
the submerged surface area is not strongly penalised. Additionally,
Ñ
Ñ
f3 = * VP and f4 = * P2_3 show a very similar behaviour. This shows
V
that very little difference in results is obtained from this difference in
weighting of the submerged volume in the objective function. Both f3
and f4 show lower values for these ratios (around 9 to 32% lower)
Ñ
than f2 = * 3̆P , apart from the PÑ _V ratio in the multi-DoF case where
V

f3 results in a slightly higher value (1.4% higher than the equivalent
f2 -value). This shows that although little difference in the weighting
of the submerged volume in the objective function is found between
f3 and f4 , as expected, f2 does result in a smaller penalisation of the
submerged volume in the results.
Regarding the resulting shapes (see Figs. A.11, A.12, A.13, A.14,
A.15, and A.16), it becomes apparent that shapes optimised based on
volume cost proxies tend to have higher curvatures and thinner crosssections when compared to shapes optimised based on surface area
cost proxies. From a manufacturing and structural integrity perspective,
lower curvature, smooth structures of bigger cross-section will have a
more even stress distribution. This will also allow for internal structural
reinforcement and easier manufacturing, and will, therefore, be more
cost efficient. Shapes optimised for power only, tend to have higher
volumes, closer to the upper bound of the allowed volume range for the

Table 4
Overview of the optimisation results in terms of the achieved values for PÑ _V and
PÑ _S.
Objective

Surge

Function

PÑ
V
[W/m3 ]

PÑ
S
[W/m2 ]

PÑ
V
[W/m3 ]

PÑ
S
[W/m2 ]

f1 = *PÑ

105.021

410.989

421.894

1191.715

669.392

395.672

3100.901

1564.109

881.903

459.601

3056.609

1757.368

881.015

485.772

3132.408

1702.836

238.513

518.589

2020.783

2875.168

136.962

442.349

2707.938

2557.200

Ñ

P
f2 = * ˘
3

V

f3 =

Ñ
* VP

Ñ

f4 = * V P2_3
Ñ

f5 = * PS

Ñ

f6 = * ˘P

S

Surge, Heave and Pitch

single-DoF case (see Table 2). They also tend to have more spherical
shapes. This might be caused by the maximal increase in volume
being achieved through a spherical geometry due to limitations in the
Ñ
geometry definition. If comparing the shapes obtained with f5 = * PS

and f6 = * ˘P in the single-DoF case, it can be observed that the shapes
Ñ

S

are very similar, but scaled-up for f6 , whereas in the multi-DoF case,
f6 generates a shape more similar to the volume-based approaches.
Shapes oscillating in multiple degrees of freedom optimised using
a volume-based cost proxy, tend also to result in high surface areas
perpendicular to the heave motion (see, for example, Figs. A.13 and
A.14). This is due to increases in surface area perpendicular to the
heaving motion causing little increase in the displaced volume and
resulting in higher objective function values. In the case shown here,
the %-contribution of the different modes of motion on power producÑ
tion was: 8% surge, 65% heave, and 15% pitch for f3 = * VP . This
is calculated by only considering the diagonal terms of the damping
matrix. The remaining percentage stems from the mode-coupling terms.
On the other hand, shapes optimised with surface area as a proxy for
costs show similar trends with increasing surface areas perpendicular
to the direction of oscillation for power extraction, but with a more
homogeneous contribution from each of the modes of motion. In the
case shown here, the %-contribution of the different modes of motion
on power production was: 13% surge, 54% heave, and 46% pitch for
Ñ
f5 = * PS . The sum of these percentages adding up to more than 100 can
be explained by the fact that mode-coupling terms can have a negative
impact on the total mean annual power.
Due to the used geometry definition, which is more flexible but
also more complex, the relationship between surface area and volume
becomes looser, when compared, for example, to a sphere, where
increases in volume result in increases in surface area and vice versa.
At the same time, in terms of hydrodynamics the surface area perpendicular to the mode of motion has a strong influence on the added
mass and damping, and the volume on the resonance frequency. When
using submerged volume as a proxy for costs, (1) the shape’s submerged volume can be reduced significantly without resulting in a
significant decrease in submerged surface area and (2) to compensate
for the reduced displaced mass, the surface perpendicular to the mode
of motion for energy extraction is increased to improve the shapes’
hydrodynamic characteristics. This results in shapes optimised using
submerged volume as a proxy for costs being more complex and less
suitable in practice.
Summary
Overall, regarding the representation of cost in the objective function, shapes resulting from optimisations using submerged surface area
as a proxy for costs, result in smoother structures of bigger crosssection and, therefore, easier to manufacture and more adequate from
a structural perspective. Regarding the obtained mean annual power,
Ñ
submerged volume and surface area values, f5 = * PS results in a big decrease in mean annual power values to almost 50% of the mean annual
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power achieved by shapes optimised using objective function f1 = *PÑ .
Ñ
This would point to a preference for f6 = * ˘P for single-objective
S

optimisation problems. For the multi-DoF case, the shape resulting from
Ñ
optimising for f6 = * ˘P results in a shape with a thin and pointy tail.
S

For this reason, the best trade-off of power maximisation and structural
cost reduction among the considered objective functions needs to be
investigated further. A multi-objective optimisation study is required to
get a better understanding of the resulting optimal shapes for different
weightings of the mean annual power and submerged surface area
objectives, which is discussed in the following section.
The inclusion of a curvature constraint could be investigated further
to avoid sharp edges. Additional considerations that could have an
impact on the resulting shapes are viscous effects, particularly for surging devices, and wave directionality effects. Due to the former, more
streamlined shapes could be expected. For strongly multi-directional
seas, a preference for axisymmetric shapes is foreseeable. The inclusion
of these constraints is not expected to have an impact on the preferred
objective function. In the case of adding a curvature constraint, an
increased convergence difficulty can be expected if applying objective
functions using volume-based cost proxies. That is because shapes
resulting from the optimisation using this type of objective function
tend to display higher curvatures, and so solutions of reduced volume
in combination with high curvatures would be disregarded within the
optimisation process. If considering surface-area-based cost proxies,
this additional constraint would reduce the solution space but a lower
impact on the overall optimisation process would be expected. That is
because in this case, solutions tend to display shapes of larger crosssection and curvatures, so that less conflict of the curvature constraint
with the generated shapes, when using a submerged-surface-area-based
cost proxy, is expected. Adding considerations such as viscous effects
and wave directionality will likely increase the complexity of the
objective function, since it will affect the power calculation, so that the
preferred optimisation algorithms might need to be revisited. However,
this is not expected to have a significant impact on the choice of the
objective function since the power generation vs. cost balance could
still be represented through the mean annual power production and
the amount of required material based on the submerged surface area.
4.2. Suitability of the optimisation problem formulation
First, the most suitable multi-objective algorithm implementation
is investigated by comparing the hypervolume HV of the resulting
Pareto fronts. Three runs of each implementation were performed,
so that the average HV is employed for fairer comparison. The best
Pareto front results obtained from the multi-objective optimisation are
then compared to the best results obtained through the single-objective
approach applied in [26]. They are compared based on the obtained
objective function values and the resulting geometries. The suitability
of the optimisation formulation can thus be analysed.
Performance of the multi-objective implementations
For the multi-objective optimisation where mean annual power PÑ
and submerged volume V were optimised, the performance of the
employed algorithms is compared based on the hypervolume measures listed in Tables 5 and 6 for the single-DoF and the multi-DoF
cases, respectively. The best resulting Pareto fronts for both cases are
represented in Fig. 6. In both cases, it can be observed that the implementations NSGAII-IV and NSGAII-V, using the same recombination
and mutation algorithms as in the single-objective cases, achieve the
best results. Additionally, an advantage is found in the use of a higher
number of individuals in the population, which in NSGAII-V is two
times the number of variables. The Pareto front seems to be closer to
the true Pareto front, but shows a more reduced spread than achieved
with implementations II and III. To understand the effect of each of
the objective functions on the optimisation results, extreme solutions
should be considered from those implementations, but NSGAII-V was

Table 5
Hypervolume measure (HV ) results for multi-objective optimisation with objective
functions *PÑ and V for cases oscillating in surge only for different NSGA-II
implementations. Results for the three optimisation run iterations (It) are shown here.
Implementation

HV
It 1

It 2

It 3

Average

I
II
III
IV
V

0.685
0.671
0.695
0.720
0.724

0.681
0.695
0.698
0.721
0.717

0.667
0.695
0.702
0.718
0.723

0.678
0.687
0.699
0.720
0.722

Table 6
Hypervolume measure (HV ) results for multi-objective optimisation with objective
functions *PÑ and V for cases oscillating in surge, heave and pitch for different NSGA-II
implementations. Results for the three optimisation run iterations (It) are shown here.
Implementation

HV
It 1

It 2

It 3

Average

I
II
III
IV
V

0.534
0.533
0.568
0.585
0.579

0.551
0.557
0.553
0.547
0.568

0.542
0.529
0.553
0.575
0.578

0.542
0.540
0.558
0.569
0.575

Table 7
Hypervolume measure (HV ) results for multi-objective optimisation with objective functions *PÑ and S for cases oscillating in surge only for different NSGA-II
implementations. Results for the three optimisation run iterations (It) are shown here.
Implementation

HV
It 1

It 2

It 3

Average

I
II
III
IV
V

0.553
0.556
0.561
0.557
0.565

0.553
0.551
0.555
0.556
0.567

0.553
0.551
0.547
0.546
0.576

0.553
0.553
0.554
0.553
0.569

Table 8
Hypervolume measure (HV ) results for multi-objective optimisation with objective
functions *PÑ and S for cases oscillating in surge, heave and pitch for different NSGA-II
implementations. Results for the three optimisation run iterations (It) are shown here.
Implementation

HV
It 1

It 2

It 3

Average

I
II
III
IV
V

0.589
0.580
0.582
0.593
0.594

0.567
0.585
0.584
0.594
0.594

0.594
0.594
0.582
0.594
0.603

0.583
0.586
0.583
0.594
0.597

able to find the best PÑ and V trade-offs for the practical design range
and is selected as the most suitable multi-objective implementation.
The runs resulting in the best Pareto fronts (in both cases, Iteration
1 of NSGAII-V) will be used for further analysis.
For the multi-objective optimisation where mean annual power PÑ
and submerged surface area S were optimised, the performance of the
employed algorithms is compared based on the hypervolume measures
listed in Tables 7 and 8 for the single-DoF and the multi-DoF cases,
respectively. The resulting Pareto fronts for both cases are represented
in Fig. 7. As in the previous case, implementation NSGAII-V, achieves
the best results, both for the single DoF and the multi-DoF cases. The
best Pareto front results were obtained in Iteration 1 with NSGAII-IV in
the single-DoF case, and in Iteration 1 with NSGAII-V in the multi-DoF
case. These results will be used for further analysis.
Overall, Pareto fronts resulting from the optimisation of *PÑ and S
seem to converge into similar quality solutions, whereas the quality of
the Pareto fronts resulting from the optimisation of *PÑ and V is more
varied. That is, in the case of *PÑ and S the Pareto fronts obtained
with the five different implementations converge on similar performing
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Fig. 6.

Pareto fronts for multi-objective optimisation with objective functions *PÑ and V [25].

Fig. 7.

Pareto fronts for multi-objective optimisation with objective functions *PÑ and S [25].

solutions, which is not the case for *PÑ and V . This, as in the singleobjective cases, could be an indicator of the solution space being more
complex for the combination of PÑ and V .
Single versus multi-objective optimisation formulation
The results of the single and multi-objective optimisation formulations are represented jointly in the 3-dimensional space, spanned by PÑ ,
V and S in Fig. 8 for (a) single and (b) multi-DoF oscillating devices.
In both cases, the single-objective implementations containing mean
annual power and submerged volume achieve better solutions in terms
of PÑ and V than the ones achieved with the multi-objective implementation. That is, shapes resulting from the single-objective implementations achieve higher PÑ values for the same V value in comparison
to the Pareto front resulting from the multi-objective implementation.
Analogously, this is also the case for single-objective implementations
containing mean annual power and submerged surface area in terms of
the achieved PÑ and S values. In the multi-DoF case, it can be seen from
the Pareto front that surface area is not strongly affected by the increase
in submerged volume and mean annual power in the case optimised for
PÑ and V . In contrast to this, the Pareto front from the simultaneous
optimisation of PÑ and S, shows an increase in submerged volume
with increasing submerged surface area and mean annual power. On
one hand, larger volumes are advantageous to increase the resonance
period and with it the annual energy production,3 however, increases
3
In the current case, increases in volume result in the resonance period
better aligning with the energy periods of the sea states, and that, in turn,

in volume can only be achieved through increases in surface area. For
this reason, when using submerged surface area as a proxy for costs
an approximately linear increase of submerged volume with submerged
surface area can be observed along the Pareto front. On the other hand,
when employing submerged volume as a proxy for costs, a point is
reached where no advantage is found in increasing submerged surface
area with increasing volume. This is because, in this case, the size of
the waterplane area determines the power extraction in heave, which in
the multi-DoF case has the largest contribution. So when the maximum
value for the waterplane surface area has been reached, volume is
increased without further significantly increasing the surface area. This
can also be observed, to a lesser extent, for the single-DoF case.
In Fig. 9 the resulting shapes at the extremes of the Pareto front and
for the median are represented for the surging only case, and in Fig. 10
for the surging, heaving and pitching case. From these figures it can be
seen, that the size of the floating body reduces with increasing weight
of the cost proxy. In case of the submerged surface area cost proxy, the
shape is approximately maintained and the size is reduced, whereas
with the submerged volume cost proxy the shape seems to become
more slender and complex. This points again to the better suitability of
submerged-surface-area-based cost proxies. However, when comparing
Ñ
the results of f6 = * ˘P with respect to the Pareto front, they seem to
S

lie in almost opposite regions of the solution space for the single and
the multi-DoF cases.

results in overall larger power production. Note, however, that for instance a
thin cylinder with a large draft has a low natural frequency in heave.
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Fig. 8. Pareto fronts from multi-objective optimisation and optimal solutions from single-objective optimisation in 3D-space. The lines are drawn as a visual aid to show mean
annual power production [25].

Fig. 9. Optimal shapes for a surging only device on the PÑ -V -Pareto front (a), (d) and (e), and on the PÑ -S-Pareto front (b), (d), (f). (a) and (b), and (e) and (f) represent the
respective Pareto front limits, and (b) and (c) represent an optimal geometry in the central area of each Pareto front [25].
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Fig. 10. Optimal shapes for a surging, heaving and pitching device on the PÑ -V -Pareto front (a), (d) and (e), and on the PÑ -S-Pareto front (b), (d), (f). (a) and (b), and (e) and
(f) represent the respective Pareto front limits, and (b) and (c) represent an optimal geometry in the central area of each Pareto front [25].

Summary
NSGA-II implementations using the genetic operators, as in the
single-objective implementations, result in more optimal Pareto fronts.
Results from single-objective optimisation formulations show a better
trade-off of annual energy production, submerged volume and submerged surface area than results from multi-objective optimisation
formulations.
Overall, the use of a single-objective formulation is recommended to
obtain an initial shape design, and a multi-objective study using surface
area and mean annual power as the objective functions is advised for
further understanding of other possible solutions within the design
space. Due to the better results obtained for the single-objective case,
it is recommended also to use this solution as a starting seed for the
multi-objective study.
5. Conclusions
In the present study, the suitability of the methods used for geometry optimisation of Wave Energy Converters (WECs) was investigated
with a focus on objective function and optimisation formulation selection. Both single-and multi-objective optimisation formulations were
used. The suitability of the algorithms used for single-objective optimisation and the geometry definition used to represent the WEC hull
were discussed in [26]. A detailed description of the implemented
optimisation and hydrodynamic model can also be found there.
The suitability of the objective function for the single-objective
optimisation case was investigated here by considering six different

options: f1 = *PÑ , f2 = *
and f6 =

Ñ
* ˘P .
S

PÑ

3̆

V

, and f3 = * VP , f4 = *
Ñ

PÑ
,
V 2_3

f5 = * PS ,
Ñ

This was done based on the shapes achieving the best

objective values for each objective function. The objective function f6 =
Ñ
* ˘P was found to be most suitable due to resulting shapes exhibiting
S

the best trade-off between power maximisation and structural cost
reduction. It was found that using the submerged surface area as a
proxy for costs, resulted in smooth structures of bigger cross-section and
therefore easier to manufacture and more desirable from a structural
perspective. In contrast, submerged-volume-based proxies resulted in
more complex structures with thinner cross-sections. However, using
Ñ
the other submerged-surface-area-based objective function f5 = * PS
resulted in shapes that generated only 50% of the mean annual power
achieved by shapes optimised using the objective function f1 = *PÑ . For
this reason, f6 was chosen as the most suitable objective function for
single-objective optimisation studies.
The suitability of the employed algorithm for the multi-objective
implementations was discussed. Various multi-objective NSGA-II implementations were applied and compared based on the achieved hypervolumes. Three runs of each implementation were performed here,
to (1) find the more suitable multi-objective implementation and (2)
achieve a fairer comparison to the single-objective optimisation results,
where multiple implementations were compared. The NSGA-II implementation using McCabe’s recombination and mutation algorithms [4]
performed best, and an advantage was found in using double the
number of individuals than the number of decision variables.
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The results from the single-objective optimisation were then compared to the Pareto fronts obtained from multi-objective formulations.
From the comparison of the best single and multi-objective optimisation
results, it can be seen that better results were obtained through the
single-objective optimisation, and that the results achieved by f6 were
located in very different regions of the solution space with respect to
the Pareto front in the single and the multi-DoF cases.
Based on the performed studies and the above discussion, the following design process is recommended: An initial single-objective run,
Ñ
using f6 = * ˘P together with the appropriate optimisation algorithm
S

as defined in [26], and McCabe’s or an equivalent adaptable geometry
definition should be performed. The result should then be used as
the starting seed for a multi-objective study considering mean annual
power and submerged surface area, simultaneously, to obtain a better
understanding of the solution space. Potentially, also single-objective
Ñ
results using f1 = *PÑ and f5 = * PS could be used for seeding to ensure
a good spread of the Pareto front.
It should be noted that the above recommended approach was
obtained using an approximate hydrodynamic model (i.e. a linear, frequency domain radiation/diffraction code). However, it is felt that the
recommendations would still apply if a more accurate hydrodynamic
solver had been used.
This method can be used by technology developers to generate
improved device designs, but it can also serve funding bodies to assess
different technologies, since the suitability of the metrics for design
comparison has been evaluated.
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Appendix A. Optimal geometries for different objective functions
and modes of oscillation

See Figs. A.11–A.16.

Appendix B. Supplementary data
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Fig. A.11. Resulting optimal geometries for WECs oscillating in surge only (a) and in surge, heave and pitch (b) optimised for f1 = PÑ [25].
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Fig. A.12. Resulting optimal geometries for WECs oscillating in surge only (a) and in surge, heave and pitch (b) optimised for f2 = PÑ _ V [25].

Fig. A.13. Resulting optimal geometries for WECs oscillating in surge only (a) and in surge, heave and pitch (b) optimised for f3 = PÑ _V [25].
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Fig. A.14. Resulting optimal geometries for WECs oscillating in surge only (a) and in surge, heave and pitch (b) optimised for f4 = PÑ _V
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[25].

Fig. A.15. Resulting optimal geometries for WECs oscillating in surge only (a) and in surge, heave and pitch (b) optimised for f5 = PÑ _S [25].
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˘
Fig. A.16. Resulting optimal geometries for WECs oscillating in surge only (a) and in surge, heave and pitch (b) optimised for f6 = PÑ _ S [25].
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