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This study uses a genetic algorithm(GA) to investigate the practicality of optimizing the geometry and
dimensions of a floating platform, which houses pitching wave energy converters (WEC). Using frequency-
domain analysis, sensitivity tests for the search start point, choice of optimized variable, number of iterations,
simulation time, and contents of the search space are made. Results show that the required number of iterations
to convergence increases with an increased number of optimized variables. Furthermore, for the studied
platform geometry, no single global optimum exists. Instead, various combinations of characteristic features
can lead to comparable performances of the integrated wave absorber. Finally, it is observed that when the
solution space is controlled and made to contain a subset of potential solutions known to improve the system
performance, computation time, absorption efficiency and range are observed to improve. Additionally, the GA
optimum tends towards platform geometries for which the wave absorber’s resonance response corresponds to
the dominating wave climate frequencies. A key contribution of this study is the controlled manipulation of
the solution space to contain a subset of potential solutions that enhance system performance. This controlled
approach leads to improvements in computation time, absorption efficiency, and range of the system.

1. Introduction

Wave energy converters (WECs) are devices used to convert the
energy in waves into other forms of energy for useful applications, for
example, electricity generation, water desalination, etc. Whatever the
application may be, the basic objective of WECs is to find an efficient
means of converting this energy from one form to another. The appli-
cation of WECs to electricity generation dates back several decades [1]
and has since gained more popularity. The effective conversion of wave
energy into electricity relies on the efficiency of a series of energy
conversion stages, spanning from the waves themselves to the wave
absorber, followed by the power take-off system and transmission. Con-
sequently, research focused on enhancing WEC absorption efficiency
holds significant relevance.

Several studies have used geometry and dimension optimization
to improve WEC hydrodynamic coefficients and WEC absorption effi-
ciency. In [2], the shape of the bottom part of a cylindrical WEC is
used to increase the motion response while accounting for the effect of
viscous damping. In a similar study, the shape optimization of a point
absorber, which translates along a straight-sloped path that is defined
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by the inclination of some guiding rods [3], was done using the brute-
force approach. The authors adopted an exhaustive search method with
a heuristic approach, and the optimum geometry obtained is able to
harvest twice as much wave energy as the original design.

The optimization of a wave absorber (WA) often goes hand in hand
with the optimization of other device parameters, such as the power
take-off (PTO) damping and, in some cases, the submerged volume,
which serves as a metric for estimating the cost. For instance, in [4,5],
different geometries of point absorbers, and the PTO damping coeffi-
cients were compared for power maximization and resonance response,
respectively. Similarly, in the frequency-domain analysis study done
by [6] the objective of the optimization was to ascertain the buoy
dimensions that can optimize its heaving velocity and a corresponding
PTO damping coefficient while [7] including the wave absorption
bandwidth as an objective function.

While the studies mentioned above have shown that optimizing
the geometry and dimensions of WECs can enhance overall system
performance, these investigations have typically focused on a limited
number of geometries. As a result, the parametric sweep and brute force
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approach were employed. These methods become computationally ex-
pensive with an increased number of candidate solutions. Depending
on the size of the solution space that needs to be searched in order
to obtain the most efficient geometry, different optimization methods
are adopted. A commonly used method for finding wave absorber
optimal geometry, among other optimization parameters, is based on
a genetic algorithm (GA). In this method, several candidate solutions
are tested against an objective function or a set of objective functions
in a sequence of pseudo-random searches. This meta-heuristic search
method has found its application in wave energy converter optimiza-
tion, where a large number of possible solutions are tested. In the
studies presented in [8,9], GA is used to optimize the collector shape of
a WEC. In [10], a differential evolution algorithm-based optimization
studies the relationship between the submerged volume of a buoy and
the power production performance of the isolated WEC. Validating
against parameter sweep, results show that the ratio of computational
time of using the differential evolution algorithm to parameter sweep
is1:35.

A review done in [11] categorizes a set of geometry optimization
studies of WEC based on the WEC type, geometry type, objective
function, and optimization procedure. However, most of these studies
have focused on enhancing the wave-structure interaction of the WEC
devices, and not much work has been done to account for interactions
between two or more structures in designs where there are multi-bodies
and relative motions between bodies resulting in extended degrees of
freedom (DoF) motion.

Additional modes of motion for the wave absorbers relative to
the platform, developed internally by the Floating Power Plant (FPP),
are employed to accurately model the interaction between the wave
absorbers and the floating platform. The specific methods used for
these additional modes of motion will not be detailed in this study.
However, the approach is influenced by the method described in [12]
for modelling the motion of deformable floating bodies. Similar ap-
plications can be found in [13], where a wave energy device with
air-filled compressible submerged volumes is analysed, and in [14],
which presents a wave-activated device utilizing relative pitch motions
between two modules to compress and expand a hydraulic cylinder.
These examples demonstrate the use of extended Degrees of Freedom
(DoF) motion to define the relative motion of floaters or modules within
wave energy systems.

In this study, a Genetic Algorithm (GA) is employed to optimize the
geometries of a floating wind turbine platform that incorporates four
pitching wave absorbers, as depicted in Fig. 1. The wave absorber itself
is shown in Fig. 2. The surrounding parts of the platform, which house
the wave absorbers, are referred to as the chamber.

The use of GA in engineering design applications, particularly in
structural designs, has been well-established [15-17].

In our study, we refine the GA methodology to tailor the charac-
teristic features of a floating platform, with the goal of optimizing its
interaction with pitching wave absorbers while adhering to constraints.
Our objective is to investigate the feasibility of this approach and
develop strategies to enhance its effectiveness. The optimization param-
eters include various platform characteristic features, contributing to a
vast solution space. However, the exponential growth in the number of
candidate geometries, resulting from the increased number of variables,
makes finding the optimum configuration computationally expensive.
Our method addresses this challenge by carefully controlling the search
space quality, enabling the discovery of favourable solutions while
reducing computation time. This approach represents an advancement
of the GA method specifically tailored for optimizing floating platforms,
with broader applicability to multi-variable optimization problems.

The rest of the paper is organized as follows: Section 2 presents
the mathematical model of the wave-structure interaction and the
wave data used for this study. In Section 3, the formulation of the
optimization algorithm is presented, and validations of the methods are
shown in Section 4. Results for the analysis performed, discussion and
conclusions are presented in Sections 5-7, respectively.
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Fig. 1. The floating power plant device.
Source: Reproduced with permission from ([18]).
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Fig. 2. Absorber geometry showing the absorber coordinate system with the origin
at 0; and the total body coordinate system with the origin at 0,,; modelled using a
low-order analytical method and visualized with Multisurf CAD software.

2. Mathematical model
2.1. Equation of motion

The equation of motion of the floating body is derived from New-
ton’s second law of motion:

M6 = F, + F, + F, + F, €}

where M is the mass matrix of the structure, @ is its acceleration,
and F,, F., F, are the excitation force, radiation force, and hydrostatic
restoring force respectively. 13,, represents other external forces such as
the mooring, drag and power take-off (pto) forces. Due to linearity,
excitation force is represented as the sum of the forces from the
incident and scattered waves; Frx, F.,. When small amplitude motion
is assumed, the hydrostatic restoring force, F, is linearly proportional
to the displacement of the floating body. It is, therefore, expressed
as F, = C& where ¢ is the body displacement and C = Cpya +
C,rqv is the hydrostatic restoring coefficient matrix comprising of the
buoyancy and gravitational restoring coefficient matrices, C,,, and
C,,, respectively. The radiation force is divided into two parts, one of
which is linearly proportional to the floating body velocity, referred to
as its radiation damping B, and the other which is linearly proportional
to its acceleration, known as the added mass A.

Assuming that the system is completely linear, has reached its
steady state, and including power take-off (B,,,), linearized quadratic
drag (B,,,,) and simplified linearized mooring system (C,,,,,,,)> EQ. (1)
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Te[s] 5.39 7.18 8.98 10.78 12.57 14.37 16.17 17.96
HmO[m]
0.5 0.00053 [ 0.00076 | 0.00040 | 0.00000 | 0.00000 | 0.00000 | 0.00000 | 0.00000 ‘
1.5 0.11583 | 0.12826 | 0.06884 | 0.02441 | 0.00606 | 0.00066 | 0.00004 | 0.00000
2.5 0.05658 0.13005 | 0.06135 | 0.01779 | 0.00239 | 0.00024 | 0.00000
3.5 0.00003 | 0.02882 | 0.04474 | 0.03245 | 0.01517 | 0.00324 | 0.00051 | 0.00003
4.5 0.00000 | 0.00056 | 0.00545 | 0.00535 | 0.00563 | 0.00217 | 0.00026 | 0.00000
5.5 0.00000 | 0.00000 | 0.00047 | 0.00091 | 0.00100 | 0.00088 | 0.00007 | 0.00000
6.5 0.00000 | 0.00000 | 0.00000 | 0.00006 | 0.00002 | 0.00008 | 0.00002 | 0.00000
7.5 | 0.00000 | 0.00000 | 0.00000 | 0.00000 | 0.00000 | 0.00000 | 0.00000 | 0.00000
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Fig. 3. Scatter diagram showing sea states’ occurrence frequency taken from PLOCAN.

can be rearranged and rewritten to derive the transfer function, H(w),
of the displacement of a floating body as a function of wave angular
frequency, w:

5]
H(w) = —
A
_ ﬁFK + ﬁxc
_wZ(A + M) + _/CO(B + Bpto + Bdrag) + (Chyd + C,grav + Cmaoring)

@

where A is the wave amplitude and j = \/—_1 . In this study, the
hydrodynamic and hydrostatic coefficients A, B, C,, and forces, Frg
F,, are calculated using a programme which is based on linear potential
flow theory, WAMIT.

2.2. Wave conditions

The performance of the WEC is studied when it is operating in
irregular waves. The irregular waves are represented in this case as
summations of sinusoidal waves with different amplitudes, frequencies,
lengths and phases. A wave spectrum is used to describe an irregular
wave. Fig. 3 shows the wave climate of the test site, PLOCAN,' in Spain
used in this study.

For this study, the JONSWAP spectrum is used to define the waves
mathematically and is expressed as [19]

5,(@) = agio /oy @)

where i and j are indices for the significant wave height, H, and energy
period, T,, respectively. y is the peakedness parameter and has a value
of 3.3, and w, is the frequency at which the spectrum has its peak
amplitude. f, is the shape factor and equals 1.25. g is the gravitational
acceleration, while a and a are modified Phillips constants which are

defined as

a = o~ (@0 /@070 4
and
a=5/16(H,/w)*(1 - 0.287log ). (5)

where T, is the period corresponding to the peak amplitude of the
spectrum. 7, is related to the energy period, T, by [20,21];

T,=T,/C, (6)
where C is a coefficient between 7, and T, and is taken as C = 0.87.

3. Methodology

For this study, the platform with absorbers system is modelled in the
frequency domain using wave analysis software, WAMIT. The software
uses the user-defined geometry, along with details of its mass properties
and external forces (when applicable), to analyse the wave-structure

! https://plocan.eu/.

interaction and generate the frequency-dependent hydrodynamic coef-
ficients. The definition of the submerged geometry can be done using
different methods. One option is the use of CAD software, such as Mul-
tisurf, which can be integrated directly into WAMIT. Another option is
to explicitly specify the coordinates of the vertices of individual panels
that make up the submerged body. In order to optimize the platform
geometry using GA, several calls will be made to WAMIT for each new
geometry to obtain the system’s response for that unique solution. This
necessitates the use of a geometry model that can easily be modified
and integrated into the software. In order to save the computational
cost of remodelling the system numerically for each modified set of
variable combinations, an analytical model of the system is created
to enable fast geometry changes while maintaining its orientation and
preserving features that do not need to change. The analytical model
is created by writing a customized subroutine for individual panels
on the chamber and wave absorber into the WAMIT geomxact.f file.
The subroutine is then called directly from the WAMIT geometry data
file, where the desired dimensions are specified. Each patch is defined
using an input parametric coordinate u, v whose domain must lie within
[-1,1], in the analytical representation and the outputs are Cartesian
coordinates x,y, z of the boundaries of each patch with respect to a
body-fixed coordinate system. The patches’ coordinates are made in-
terdependent to allow flexibility for when the geometries are modified.
More details on how to link the user-defined subroutine to the rest of
the WAMIT executable code can be found in [22].

The wave absorbers’ annual energy production and absorption fre-
quency range are considered yardsticks for estimating the approximate
wave absorber efficiency and are used as the objective functions. For
comparability, the geometry and mass properties of the wave absorbers
integrated into the platform remain unchanged throughout the study.
The impact of the wave absorber geometry is not included here, and
will be done in future studies. The wave absorbers are coupled to the
platform, and they all move as a single unit with six degrees of freedom.
In addition to these modes, the hinged wave absorbers also pitch
relative to the platform; therefore, the wave absorbers’ extended DoF
motion is taken into account in this study. Additional modes of motion
for the wave absorbers relative to the platform, developed internally
by the Floating Power Plant (FPP), are employed to accurately model
the interaction between the wave absorbers and the floating platform.
The specific methods used for these additional modes of motion will
not be detailed in this study. However, the approach is influenced by
the method described in [12] for modelling the motion of deformable
floating bodies. Similar applications can be found in [13], where a
wave energy device with air-filled compressible submerged volumes is
analysed, and in [14], which presents a wave-activated device utilizing
relative pitch motions between two modules to compress and expand a
hydraulic cylinder. These examples demonstrate the use of extended
Degrees of Freedom (DoF) motion to define the relative motion of
floaters or modules within wave energy systems.

The linear formulation of the system’s hydrodynamics is experi-
mentally validated, as detailed in the study by [23]. Additionally, the
method employed to optimize the operation of the wave absorbers
is outlined in [24], which is also applied in the current study. The
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mass distribution of the platform, analysed using the beam elements
method, is confirmed in [25]. Consequently, for each tested geometry,
the overall system dynamics are accurately captured.

3.1. Mass properties

Modifying the geometry of the floating platform results in a change
in its mass, position of its centre of gravity, and radii of gyration.
These parameters impact the system response and, consequently, the
WEC’s power absorption. In using the GA optimization method, the
process needs to consider the role that these parameters play for
every possible geometry in the search space. The mass distribution of
the platform and wave absorbers are generated separately and then
combined to obtain the total body mass distribution. Before searching
for the optimum platform geometry, it is important to ensure that the
wave absorbers are already operating at their optimum. This is done
using an extensive analytical search for the absorbers’ optimal ballast
configuration, as detailed in [24]. This ballast search entails calculating
the absorber response amplitude operator, RAO, for a range of possible
ballast mass-center of gravity (COG) location combinations within the
wave absorber, from which the combination that provides the desired
resonance frequency is selected. This method takes into account the
ballast compartment sizing, the impact of the choice of ballast matter,
the position of the pivot point of the pitching wave absorber and its
tilting (rest) angle about the hinge. The optimal ballast mass, m,, and
centre of gravity, 7, ,, are then combined with the pre-known empty
wave absorber mass, m,, and centre of gravity, 7, ,. For the platform,
a beam model of the floating platform developed by FPP is used. The
mass property is approximated from the beam model. The model is a
representation of individual components of the platform by beams with
corresponding lengths, masses and occupying the same positions in the
platform coordinate system (PCS). The mass distribution of the entire
platform is then computed from the contribution of each beam. In other
words, all components of the platform are represented as interlinked
and interdependent beams with predetermined mass per unit length per
beam.

3.2. Optimization method

In this study, a multi-variable-objective optimization problem is
solved to find the optimum platform geometry. For this purpose, the
genetic algorithm is used. Fig. 4 shows a flow chart of the algorithm.
This is a search technique that is based on the principle of genetics and
natural selection and is chosen because of its ability to search a large so-
lution space [26]. Also, unlike some other methods, it does not require
finding the derivative of the objective function. Due to the stochastic
nature of the genetic algorithms, repeatability is almost infeasible. Even
if the search space contains just one possible optimum solution, the
likelihood that the multiple runs will start at the same point and follow
the same route to the solution is almost zero. Therefore, repeated runs
are recommended to get the most desirable results.

The objective function and set of constraints

The purpose of this study is to find the geometry of the floating
platform for which the integrated wave absorbers have a wide ab-
sorption frequency range and maximize the annual energy production
(AEP) for a range of sea states. Constraints are implemented to ensure
the stability and practicality of the solution, preventing unrealistic
or impractical geometry configurations as well as configurations that
are not stable and might result in large displacements. The mean
power absorbed by the wave absorbers in an irregular sea state, as
in Fig. 3, is computed from the combination of absorbed power in
regular waves, which are defined through specific wave height and
period combinations. f’(wk,ﬂ), as, [27],

N =

N P(w,,
P;= Z M A2

o ij,k,i=1,2,3...m,j=1,2,3.‘.n, (@]
a

k=1
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Set GA parameters
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Randomly initialize population
for generation = 0

Evaluate the fitness of each chromosome
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Select parents for
next generation

J
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chromosome

Yes

Stop

A,

Mutate chromosome
while preserving the
best (elitism)

New population for
generation+1

Fig. 4. The genetic algorithm process flow chart.

where 13, ; is the mean power absorbed in irregular waves for a given
sea state that has amplitude Ay, whilei=1,...,mand j =1,...,n are
the significant wave height and peak period components, respectively,
of the spectrum divided into N equidistant frequency or period steps.
A;; is defined as;

Ay = (25;;40)"3, (®)

where 4w is the step size of the frequency and S;; is as defined in
(3). P, = Po, ) = O.SB;{Owile(wk)lz is the mean absorbed power in
regular waves as a function of regular wave frequency, w,, evaluated
for each wave heading, f, for a regular wave amplitude of ¢,. B, is
the PTO damping coefficient and © is the WA angular displacement.
Here the wave heading, f, is assumed constant at 180° in the wave
absorber coordinate system and the wave amplitude in regular wave
€, = 1, therefore (7) can be simplified as:

P@) A}, s ©)

M=

Pij:
k

The annual energy production, as derived from Eq. (7), becomes:

m n
AEP=Y 3 PE,, (10)
i=1 j=1
where E;; is the probability of a certain significant wave height, H, and
peak period, T,, combination occurring in a year. For the system under
study, we observed that for some system geometries the RAO spikes
at some wave periods and maintains relatively low values at other
periods. Since more interest lies in geometries where RAO maintains
relatively high values within our desired bandwidth of wave periods,
the mean RAO for a given bandwidth is used as a weighting factor,
W, for the objective function. The Fitness/objective Factor (FF) is
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calculated as the product of W (weighting factor) and AEP (Annual
Energy Production). This value is normalized based on the original
geometry’s FF, resulting in a relative improvement factor. The objective
function, FF, is, therefore:

FF =W - AEP, 11
>F  Rao, .
where W = ”T,p = 5,5.1,5.2,5.3,...,25, p are wave periods
between 5 s and 25 s while P is the number of wave periods between 5
s and 25 s. Some constraints are put in place to ensure that the system
search converges but not to an unstable solution. The coordinates of
the platform are constrained to ensure that the surfaces of the platform
and wave absorber maintain a safe distance and do not intersect at any
point, as this will produce unrealistic results. Additionally, considering
that the floating platform also serves as the foundation for a wind
turbine, some constraints are set to ensure that the solution is able to
support the wind turbine adequately; the static heel and static trim are
estimated as the angular displacement of the system about the x and y
axis respectively, in the total body coordinate system as in Fig. 2. The
angular displacement is calculated as:

_ ISO(Chdy + CgruU)Fny (12)

X,y b3 >

where DF, , is the angular displacement about the x and y axis in
degrees, and F,, is the thrust force on the wind turbine in the x
and y directions. For this study, this force is considered constant and
independent of various factors, including wind speed, turbine charac-
teristics, and aerodynamic properties. It is the force on the turbine
for the predominate sea state and wind speed at the site location.
The static heel is equal to DF, while static trim is equal to DF, The
objective function is set to zero when either the static trim (pitch angle
displacement) or static heel (roll angle displacement) is greater than
5°. This is to ensure that the final result does not present an unstable
geometry. Therefore, the constrained objective function is given as:

W - AEP, if static heel or static trim < 5°
FF= . 13)
0, otherwise

4. Methods validation
4.1. Sanity check of the optimization algorithm

The algorithm is checked to determine how close it gets to finding
an optimum. To do this, a single variable, V1 as in Table 1, for
which the global optimum value can easily be determined is used. The
acceptable span of the variable is set, and a parametric sweep done
through this range is compared to results from the GA search. Out of
the GA searches that were done, half were constrained to have the same
initial population, and the other half had a randomly selected start-up
population. This is done in order to test for repeatability and also to
observe the influence of the initial position on the search convergence
in both cases. Convergence is observed to be reached after an average of
100 iterations, with a population size of 15 (i.e., the number of unique
geometries analysed for each iteration) and a mutation rate of 0.2.
Irrespective of the number of iterations, the GA search matches the
parameter sweep closely.

From Fig. 5, it is seen that the GA search appears to be in agreement
with the parametric sweep.

5. Results

Table 1 shows the definition of the variables chosen for the opti-
mization study. The effect of the optimization of these dimensions is
presented in this section.

Renewable Energy 231 (2024) 120869

Table 1
Definition of the variables optimized.
Variable Description
V1 Distance between the fore pontoon and aft pontoon
V2 Distance between the spoiler top and the still water line
V3 Chamber length
V4 Bottom plate height
V5 Turret extension
) Chamber depth
v7 Pontoon foot height
V8 Support foot height
V9 Pontoon pillar length
V10 Support foot length
06
- 9~ -Parameter sweep
05t ¢ GA-100 ¢
¢ GA-200 ,’
04k *  GA-500¢
7
n ‘
@ 7
2o3f /
= ’
L '
02f ,’o"o‘\o,/o
-
L%
7’
01F y
O~-¢-
0 L L L 1 L L )
0.7 0.8 0.9 1 1.1 1.2 1.3 1.4

Normalized aft pontoon distance [-]

Fig. 5. Single variable optimization using GA at 100, 200, and 500 iterations vs.
parametric sweep. The variable dimensions are normalized by the original geometry.

5.1. Individual variable influence

In Fig. 6, a parametric sweep of individual variables is presented. All
other variables are kept constant while the values of each optimization
variable are varied between predefined ranges, resulting in different
fitness values. This is to observe the level of impact each variable has
on the fitness, independently and the direction of influence relative
to the position of the base geometry. The variation range of each
of the variables is within +30% of the base/original geometry. This
is except for V6 and V9, where it is impossible to do so without
creating an impractical geometry; in these cases, the upper and lower
boundaries, respectively, are set to the values of these variables in the
base case geometry. It is observed that some variables have a more
significant influence on fitness compared to others, even though indi-
vidual parametric sweep offers only marginal improvement to fitness.
Fig. 6 illustrates the Fitness value range obtained when varying each
individual optimization variable independently. This parametric sweep
helps identify the potential contribution of each variable to the fitness
function.

5.2. Search start point

The starting point of the GA search routine could play a role in
whether the local or global optimum is found. The starting point of
the GA search routine could influence the optimality of the solution,
impacting its proximity to the true global optimum. The sensitivity
of the start point is further investigated. Independent GA searches
are performed for three different combinations of the variables to be
optimized: set 1 comprises of variables (V1-V10), set 2 contains (V1-
V2), and set 3 (V1-V5, V10). Each search is done within 50 iterations.
In the beginning, each set’s search tends to start at approximately the
same fitness and gradually makes its way up as the number of iterations
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Fig. 6. Fitness function for individual optimization variable showing to what degree
each variable impacts the fitness compared to the original geometry.

progresses, as in Fig. 7. However, by starting a search with the best
result obtained from a previous search, the tendency to find better
solutions with few iterations is increased.

It is, therefore, recommendable to start the search by running a
few search iterations. The choice of the number of iterations is left to
the discretion of the researcher, as there is no known ideal number.
Furthermore, since there is a possibility for the search to get stuck in
a local optimum position, this approach could also be valuable if the
search is stuck, as seen in Fig. 7(b).

5.3. Computation time and generations to convergence

The amount of time taken to complete an optimization study is
known to be dependent on three key factors [11], which include the
capabilities of the machine that is used for the computation, the objec-
tive function and complexity of the model, and the chosen optimization
algorithm and its implementation.

The GA optimization search is utilized in this study to seek the
optimal combination of the variables outlined in Table 1. Since the
floating platform has a number of characteristic features that could
be optimized, a comparison is made to ascertain how the number
of optimization variables will influence the number of generations
to converge. The number of variables to be optimized is increased
sequentially from two to ten.

The GA search is set to terminate if the fitness value is equal to
35 times the value of the original geometry or when the number of
iterations gets to 200, whichever comes first. The search starting point is
based on the results obtained from “Run 2” in the start point sensitivity
test shown by Fig. 7(b). The simulation time for the optimization search
is then tested across different computing capacities, 4 core, 6 core, and
16 core processor machines. The 6 and 16 core processor computers
have 12 and 32 logical processors, respectively. WAMIT is set to run
in parallel and uses all the available cores of the computer. At run-
time, the 4 and 6 core machines are observed to utilize 100% of their
computing capacities. The 16 core machine, on the other hand, uses
approximately 70% of its capacity. From Fig. 8 it is seen that it takes
approximately 21 h, per 100 iterations, to complete a run on a 4 core
processor machine and approximately half the time when using a 16
core processor computer. The 6 core processor PC takes 12.5 h per 100
iteration.

The averaged time allocation between WAMIT simulation and pre-
and post-processing using MATLAB for single geometry analysis is
presented in Table 2. The pre-processing computation includes gener-
ating WAMIT input files from the set of optimization parameters in
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Table 2
Explicit computation time allocation for one geometry analysis using computers with
different computing capabilities.

Computer specification 4 core 6 core 16 core

8 GB RAM 32 GB RAM 128 GB RAM
WAMIT simulation [s] 40 21 18
MATLAB pre & post- 10 6.2 5

processing [s]

the current generation while the post-processing involves collecting
the hydrodynamic and hydrostatic data from WAMIT output files,
calculating mass properties from the beam model and then the objective
function according to Eq. (13).

Approximately 80% of the computation time goes into the wave-
structure interaction simulation using WAMIT, as can be observed from
Table 2. Since only the panel sizes change and the number of pan-
els remains unchanged, the effective change in computation time for
changing various panel sizes remains negligible, hence, the negligible
effect of the number of variables optimized on the overall computation
time.

It can be observed from Fig. 8 that with an increased number of
variables, the solution space tends to widen, which results in more
iterations required for convergence and, consequently, the computation
time.

5.4. Solution space

The absorption range, W, and normalized annual energy produc-
tion, AEP, as in (11), are observed for the different number of variables
optimized. Fig. 9 shows the solution space that the GA search spans
depending on how many variables are optimized. It is observed that
there is an influence of the nature of the impact of individual variables
on the solution space. When two variables are optimized, the solution
tends towards lower absorption efficiency, with the high absorption
occurring at an intermediate absorption range of roughly 0.8. This
could be a result of the solution space containing a relatively fewer
number of permutations but, at the same time, containing a relatively
positive influence of variables. By adding V3 and making the number
of variables optimized three, we see a decrease in the predominant
value of the distribution to absorption range of approximately 0.5, but
with increased absorption efficiency. Moving from 4 variables upwards,
higher absorption and spread are observed. This behaviour could be
credited to the relatively positive influence of variables 4 included in
the search space. However, no outstanding dissimilarities are observed
when the number of variables optimized is increased from four to eight.
The observation is due to the low influence level of variables V5 to V8,
as shown in Fig. 6. With the further widening of the solution space
to ten variables, a downward spiral of the number of search results
attaining high AEP and range of absorption is seen. A possible reason
for this is the addition of variations that could potentially negatively
influence the fitness, specifically V9, (as seen in Fig. 6).

In order to investigate how the permutation of the variables and the
choice of variables studied at a time affects the absorption range and,
consequently, the fitness, the optimization of 6 variables containing the
sequentially selected variables is compared to different combination
sets of 6 variables. The new set of 6 variables study contained the most
influential variables according to Fig. 6, i.e., V1, V2, V3, V4, V9 and
V10. This investigates if the most influential variables alone are enough
to attain desirable results within a shorter computational time. Due
to the knowledge that these influential variables have the potential to
cause a negative influence, another set of variables is created. It con-
tains the same influential variables, but with the variation boundaries
shifted in an attempt to eliminate their negative influences.

For the set of 6 more influential variables, it is observed from
Fig. 10 that performance did not necessarily get better; however, there
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Fig. 7. (a) Iteration progression vs fitness for 3 unique sets of variables to be optimized: set 1 (V1-V10), set 2 (V1-V2), set 3 (V1-V5, V10). For each set, 2 independent simulations
are run. (b) The final geometry result of run 1 is set as the search starting point of run 2 for the set of variables (Set 2 as in (a)).
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Fig. 8. Computation time for different computing capacities and the number of
optimized variables required for convergence at fitness equal to 3.5.

is quick convergence, and the simulation time was half as long when
the boundary conditions are streamlined. Curtailment of the search
boundaries also appears to give rise to solutions that offer a wider range
of absorption. The normalized wave absorber’s response amplitude op-
erator (RAO) for the geometry that gives the optimal solution according
to the GA search is shown in Fig. 10b. It can be seen that a more
desirable response is attained by a reduced peak at high frequency,
widening the RAO curve and moving the resonance frequency closer
to the predominant sea state.

For a given fitness function, having more streamlined variables’
boundaries and opting for variables that impact fitness the most could
be an excellent way to speed up computation, improve the likelihood
of convergence of the search, and improve overall performance.

5.5. Absolute optimum check

Results from the GA searches that give approximately the same
fitness function values are compared. This addresses the inquiry re-
garding the existence of a definitive set of variables that yield the
optimal geometry. In other words, is there an absolute optimal for
the platform geometry? An attempt to answer this question is made
by seeking out the GA searches that resulted in fitness function value
within a given narrow range. The variables combination that resulted in
these fitness function values are then compared. For this purpose, a set

of 6 variable optimization searches are used. The six most positively
influential variable, V1, V2, V3, V4, V5, V10, are chosen for this
purpose. Fig. 11 shows geometry variation and corresponding fitness
function values.

The fitness functions of this set differ from one another by less than
0.03, which is approximately 3% of the baseline, yet only little similar-
ity exists between corresponding variables. It shows the feasibility of
attaining approximately the same fitness by different combinations of
geometric features. This observation suggests that there may not be a
single global optimum for the floating platform’s geometry, but several
local optima are found.

5.6. Resonance response

The motion response of the platform and absorbers are compared
for cases where: (1) a combination of features offering best perfor-
mances according to individual variables’ parametric sweep; (2) while
considering only the most influential variables, the solution space is
curtailed to cancel negative influence; (3) the original geometry that
we started with. It is important to note that the original geometry
is optimized for a different site, the North Sea, considering both the
absorption efficiency and reduction of steel used, while the presented
study optimizes absorption at the PLOCAN site.

The relative pitch response amplitude operator (RAO) of the ab-
sorber shown in Fig. 12 indicated how the curtailment of the solution
space not only improves the amplitude and range of the RAO but
also tends to provide geometry whose resonance response corresponds
better to the predominant sea-state. When compared to the original
geometry and result from the GA search, the result obtained from
performing a parameter sweep for individual variables appears to be
the least favourable for the given sea states. The absorption range from
the parametric sweep and GA search are 0.64 and 1.8 times the original
geometry, respectively.

6. Discussion

The optimization of a floating platform for wave energy converters
(WECs) involves a multi-variable problem, where the performance of
the integrated wave absorbers (WAs) is influenced by various param-
eters. In our study, we utilized a Genetic Algorithm (GA) to explore
the optimization of the geometry and dimensions of a floating platform
housing pitching WECs. The objective was to improve the absorp-
tion efficiency (AEP) and range of absorption, which are critical for
maximizing energy extraction from ocean waves.
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3.5 T o “ T T T T ', ,'
“x 4 Without curtailment
\ 4 With curtailment

3 e
".{:?"
A
25+ e ad ]
= Y
o
< 2f 1
el
()
N
© - 4
g1.5
o
>
. j
0.5 1

£ T ey “
WPATNAD R0 09s PN, @ B o 0 L) 33
L L . .

0.6
Absorption range metric [rad/ms]

0.8 1 1.2 1.4 1.6 18

(a)

0.3 T T T T
Best fit without curtailment
Best fit with curtailment
0.25 g
= 02F g
5
e
015 1
<
3
0.1+ g
0.05 - J L
U
0 . n
0 5 10 15 20 25
Wave period (s)
(b)

Fig. 10. (a) The absorption range, W and normalized annual energy production, AEP, as in (11), for 6 variables optimized that demonstrates strong positive influence according
to parametric sweep results, Fig. 6. The variables are V1, V2, V3, V4, V5 and V10 and are compared when the variables’ allowed range is curtailed to remove the part that
performs worse than the original geometry and when there is no curtailment. (b) The corresponding RAO for the geometries giving the best results as obtained from (a).

The choice of GA as the optimization method was based on several
considerations. GA offers distinct advantages that align with the ob-
jectives of our study. Firstly, GA is known for its robustness to local
optima, making it suitable for exploring complex solution spaces. This
characteristic was crucial for our study, given the intricate relationships
between platform geometry, wave absorber performance, and system
efficiency. Secondly, GA can effectively handle non-linear relationships,
which is essential for optimizing the complex 3D geometries of the
floating platform. By allowing for a flexible and adaptive search pro-
cess, GA enabled us to navigate the vast solution space and identify
promising configurations that enhance wave energy absorption.

However, we acknowledge GA’s potential limitations, including its
computational intensity and sensitivity to parameter settings. Factors
such as population size, generation count, and convergence criteria can
influence GA’s efficiency. These considerations were taken into account
during the optimization process to ensure meaningful results.

The results of our optimization study revealed several important
insights into the impact of different variables on the system’s per-
formance. We observed a downward trend in the number of search
results achieving high AEP and absorption range as we widened the
solution space to include more variables. This observation can be
attributed to the low influence level of certain variables, specifically
V5 to V8, as depicted in Fig. 6. These variables do not explicitly have
a negative impact on fitness but, when thrown into the mix, result
in an unnecessary widening of the solution space, which may have a
negative impact on fitness, raising questions about their inclusion in
the optimization process.

To address the issue of variables with negative impacts on fitness,
it is crucial to consider their relevance in achieving the optimiza-
tion objective(s). The objective of our study was to demonstrate how
individual optimization variables’ impact in the solution space can
be identified early on, as seen in the parameter sweep results. This
highlights the importance of carefully selecting and analysing variables
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the original geometry that we started with, and (4) peak period against the probability
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to avoid unnecessary computational burden and to focus on those that
significantly impact the desired outcomes.

One suggestion was to consider a multi-objective optimization ap-
proach, where the first fitness function (FF1) is AEP and the second
fitness function (FF2) is bandwidth. While this approach could provide
additional insights, it was not chosen for this study. Our focus was
to optimize for AEP and absorption range simultaneously, as they are
crucial for maximizing energy extraction efficiency.

Regarding the interest in wider bandwidth, our primary goal was
to identify geometries where RAO maintains relatively high values
within our desired bandwidth of wave periods. This consideration is
vital for efficient energy extraction, as certain system geometries may
exhibit spikes in RAO at specific wave periods. Our interest lies in
configurations where RAO remains consistently high within the desired
frequency range, ensuring optimal energy absorption across various
wave conditions.

In conclusion, our study highlights the complexities involved in
optimizing floating platform geometries for wave energy conversion.
By utilizing GA and analysing the impact of different variables, we
aimed to enhance the absorption efficiency and range of the integrated
wave absorbers. The insights gained from this study contribute to the
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understanding of how individual optimization variables influence the
system’s performance and underscore the importance of careful vari-
able selection and representation in the optimization process. Future
research could explore alternative optimization methods, refine the
representation of bandwidth in the objective function, and investigate
additional factors impacting system performance, such as structural
integrity and cost-effectiveness.

7. Conclusion

The paper contains a study using a heuristic search method to opti-
mize the interaction between a pitching wave energy device surrounded
by a floating platform. The purpose is to investigate the practicality of
using the genetic algorithm to find the geometry of a platform that will
interact best with the integrated WA for improved performance and
explore and recommend some hacks to achieve better performance.

The study presents a GA employed for multi-variable-objective op-
timization. The objective, formulated as a single objective function,
includes maximizing Annual Energy Production (AEP) while achieving
a wide wave absorption range. The results show that in order to achieve
computationally inexpensive and acceptable results for an optimization
problem with several optimization parameters some of the routes to
take include the following. Choose a GA search start point resulting
from running a few iterations simulations in series, where the best
result from one run is used as the starting point of the next one. This
offered up to 6.5 times the fitness just after two runs. This is also a
good way to avoid getting stuck in a local optima. Next, we observe
that when there are more variables to be optimized, the number
of required iterations to convergence will increase due to a broader
solution space to search. This, in turn, poses a negative impact on the
attained fitness value. Optimization variable curtailment is a method
used in this study to narrow the solution space by identifying the
variables of significant positive influence and curtailing their variation
range. It shows promising results by reducing computation time by half
and providing geometry that gives an overall better effect. Finally, the
method shows results with a significantly better absorption range with
resonance frequencies corresponding to the average peak period of the
wave climate.

The methods suggested in this paper for geometry definition, and
optimization can be used in other applications for submerged large
structures with many characteristic features.
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