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A anélise de ancoragem no dominio do tempo é uma das tarefas mais complexas e
demoradas para a definicdo de arranjos submarinos em projetos de exploracdo de
petréleo. N&o é possivel conceber regras genéricas que quantificam razoavelmente a
interacdo entre as varidveis de projeto e as saidas dessas simulag¢fes. Por conta disso,
ainda atualmente o projeto de sistemas de ancoragem depende principalmente da
experiéncia e julgamento de engenharia das equipes responsaveis, com pouca ou
nenhuma otimizacdo executada. Neste trabalho sera apresentado uma nova abordagem
para o projeto de sistemas de ancoragem, empregando o algoritmo &-Constrained
Differential Evolution para otimizagdo de sua configuracdo, e usando Redes Neurais
Aurtificiais para avaliar seu comportamento em condi¢des ambientais extremas. Conforme
demonstrado através de um estudo caso, 0 método é capaz de encontrar sistemas viaveis

com custo reduzido e virtualmente nenhuma interven¢do humana.
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The mooring system analysis in time-domain is one of the most complex and time-
consuming tasks involved in the subsea layout definition for upstream projects. It is not
possible to conceive general rules to reasonably quantify the interplay between the many
design variables and the outputs of these simulations. Because of that, up to now, the
design of mooring systems has relied mostly on the expertise and engineering judgment
of the teams in charge, with hardly any optimization ever performed. This work presents
a new approach for the design of mooring systems, employing the e-Constrained
Differential Evolution algorithm to optimize their configurations, and using Artificial
Neural Networks as metamodels to evaluate their performance under extreme
environmental conditions. As demonstrated in a case study, the method is able to find
feasible mooring systems with reduced costs and requiring virtually no human

intervention.

viii



INDEX

LIST OF TABLES ... X
LIST OF FIGURES ... .ot Xi
LIST OF ACRONYMS ... Xiii
1. INTRODUCTION. ...ttt 1
1.1.  CONTEXT AND MOTIVATION .....cooiiiiiiiiiiie i 1
1.2, OBUIECTIVE ... oottt 5
1.3, LITERATURE REVIEW. .....coiiiiiii s 5
1.4, DOCUMENT STRUCTURE ......ccccoiiiiiiiiii s 7
2. MOORING SYSTEMS ..o 8
3. DESIGN METHODOLOGY ....ccooiiiiiiiiiieitiee et 22
3.1. OVERVIEW OF THE METHOD.......ccoiiiiiiiieeeseee e 22
3.2.  MOORING SYSTEM OPTIMIZATION PROBLEM.......c.cccccoiviiiiiiiiiiiicn, 24
3.3.  &-CONSTRAINED DIFFERENTIAL EVOLUTION.......cccoviiiiiiiiiiiiieiiee, 26
3.4. ARTIFICIAL NEURAL NETWORKS ..ot 29
4. CASE STUDY ..ottt 38
4.1, DEFINITION Lo 38
4.2. IMPLEMENTATION OF THE OPTIMIZER .......cciiiiiiiiiiiiiie 43
4.3. TRAINING OF THE METAMODEL .....cccooiiiiiiienesecee e 45
A4, RESULTS ...ttt 50
O, CONCLUSIONS ... .ot 55
6. REFERENCES. ... 56



LIST OF TABLES

TaDIE 1 — DESIGN CASES ....vveuvierieiteeieesiesteesieeeesteesteeeesseesteeaesseesteeteasaesreensesseesreensesneesrens 18
Table 2 — Safety factors for strength analyses...........cccoviiiiiiiiiici e 18
Table 3 — Design variables for the mooring optimization problem.............c.ccocvevviennnn. 26
Table 4 — Non-linear activation fUNCIONS ...........c.cooviiiiniiic e 31
Table 5 — Bounds of the design variables...........cccoceieiiiii i 38
Table 6 — FPSO mMain PartiCUIArS. .........ccooeiiiiiieieiesese s 39
Table 7 — Base case System CONfIQUIatioN...........ccoevveieniiiiinieieeee e 40
Table 8 — Composition of the mooring legs of the base case..........ccccovveveiveieiicienen, 40
Table 9 — Mechanical properties of the mooring materialS.............ccccovveveiieiiecie e, 40
Table 10 — Horizontal forces imposed by the risers system ..........ccccoeieniiinieniniiennenn, 41
Table 11 — DeSIgN CONSIIAINTS .....eeveiieiieiieieseesie e e ste e sre e sreesre e e sneesnees 41
Table 12 — Performance of the base case system under extreme conditions................... 42
Table 13 — Critical 1080 CASES.........ccuieieiiiiieie e 43
Table 14 — Hyperparameters 0f the &-DE ...........ccccoviiieiiee e 44
Table 15 — Details of the test Problems ..o 44
Table 16 — Performance of the ¢-DE with standard test problems.............cccooveviiienen, 45
Table 17 — Hyperparameters of the ANNS .........cccoiiiiiii e 46
Table 18 — Precision measure of the ANNS ..o 47
Table 19 — Comparison of objective FUNCLIONS..........cccooiiiiiiinince s 51
Table 20 — Best solutions found in 20 runs of the -DE.............cccooeiiiiiiniiniice 54
Table 21 — Performance of the best solution (metamodel estimation)..............c...ccocev.. 51
Table 22 — Performance of the best solution (exact evaluation) .............cccccocvvvrvninnnn. 52



LIST OF FIGURES

Figure 1 — Spread Moored FPU ..........ccooiiiiiii e 1
Figure 2 — Complexity of the exact model and applicable optimization techniques......... 2
Figure 3 — Use of metamodels to replace expensive computational simulations.............. 4
Figure 4 — Station keeping MeChanISM...........c.cciviiiiiieiiie i 8
Figure 5 — Spread mooring system configuration .............ccoccevveeieeni i 9
Figure 6 — Typical composition of MOOriNG 1€0S .........ccocuriiieiiiiieie e, 10
Figure 7 — IMOOIING CAINS .......oiviiiiiiiiieieieee e 11
FIGUIE 8 — FIDBI FOPES......eoiiceie ettt et sre e enes 11
Figure 9 — Free-body diagram of an element of the mooring leg.........cccccvvevviieivenenne. 13
Figure 10 — Responses of the moored StIUCLUIE ...........cccovvviieieieieie e 14
Figure 11 — Wave spectrum and Wave SIgNal ............ccoceviriiinnienene e 15
Figure 12 — EXIreme HS-TP CUINVES........coiiieieecie ettt ne e 16
Figure 13 — CUIrent Profile.........cov oo 17
FIQUIE 14 — WING SPECLIA. ....c.eeeeeeitiiieiii et bbbt 17
Figure 15 — Derivation of the EVD from the response time Series ...........c.ccooevvvrvereenen. 19
Figure 16 — Mooring fatigue deSign CUINVES..........ccueiveiieeie i 20
Figure 17 — Mooring design WOrKfIOW...........cccocviiiiiii i 21
Figure 18 — Overview of the methodology ..o, 22
Figure 19 — Pseudo-code of the e-Constrained Differential Evolution ........................... 29
Figure 20 — ArtifiCial NEUION .........coviiiii it 30
Figure 21 — Multilayer Perceptron (MLP)........cccoiiiiiiiiie e 32
Figure 22 — Feedforward SChEME .........cciiiiiii e 32
Figure 23 — Backpropagation SCNEIME ............coeiiiieieiiniseseee e 33
Figure 24 — Effect of different learning rates on the network optimization..................... 34

Xi



Figure 25 — Underfitting and overfitting of the metamodel ..............ccooeiiiiiiin e 35

Figure 26 — Early-stopping to prevent oVerfitting...........ccoovoeieieieninneeeeee, 35
Figure 27 — Base case system configuration .............cccccveveieeneiieieese e 39
Figure 28 — FPSO offsets under extreme conditions............ccccveveviereciiesiecse e 42
Figure 29 — Maximum FPSO OFfSELS........ccocviieriieiieieceseee e e 47
Figure 30 — Maximum tOP tENSION .......cciiiiiiieieierie st 48
Figure 31 — Maximum anchor teNSION..........cccvecviieiieie e 49
Figure 32 — Maximum length 0N Seabed ..........cccccoevieii i 50
Figure 33 — Best configuration in 20 runs (FUN 5) ..o 51
Figure 34 — Behavior of the e-DE during example optimization runs ..............cccceeveneee. 53

Xii



LIST OF ACRONYMS

AE — Axial Stiffness

AFT — Astern

Al — Artificial Intelligence

ANN — Artificial Neural Networks

APl — American Petroleum Institute

CAPEX — Capital Expenditure (cost of materials and installation)
CFD — Computational Fluid Dynamics

CS - Classification Society

DE — Differential Evolution

DFF — Design Fatigue Factor

EA — Evolutionary Algorithm

EM — Expected Maximum

FD — Frequency-domain

FEM — Finite Element Method

FOWT - Floating Offshore Wind Turbine

FPSO — Floating Production Storage Offloading unit
FPU — Floating Production Unit

FWD - Forward

GA — Genetic Algorithm

Hs — Significant Wave Height

ISO — International Standardization Organization
Kii — Radius of gyration around the i-axis

k-NN — k Nearest Neighbors

LCG - Longitudinal Center of Gravity

Xiii



LTD — Long-Term Distributions
MAO — Maximum Allowable Offset
MBL — Minimum Break Load

MHP — Maximum Holding Power
MPM — Most Probable Maximum
MWL — Mean Water Level

NFE — Number of Function Evaluations
PS — Portside

PSO — Particle Swarm Optimization
QTF — Quadratic Transfer Function
RAO — Response Amplitude Operator
RP — Return Period

SB — Starboard

SF — Safety Factor

SWL — Safe Work Load

TD — Time-domain

Tp — Peak Period

VCB - Vertical Center of Buoyancy
VCG - Vertical Center of Gravity
VLCC — Very Large Crude Carrier

WD — Water Depth

Xiv



1. INTRODUCTION
1.1.  CONTEXT AND MOTIVATION

Mooring systems of Floating Production Units are designed to maintain their
positions within certain limits while also complying with structural requirements
presented in the rules of Classification Societies and regulations like 1ISO 19901-07 and
API RP-2SK [1 - 5]. The limiting criteria for the vessel excursions in the horizontal plane
(offsets) are generally established from design requirements related to safety of personnel,
protection of the environment, serviceability of the topside equipment and the risers (the
pipelines that transfer fluids from/to the subsea wells), and clearances to surrounding

infrastructure [1].

Shuttle 8
Tanker

Figure 1 — Spread moored FPU

The most accurate method currently available for the analysis of mooring systems
is based on time-domain simulations. Metocean conditions representative of the extreme
environments at the site are used for sizing the ultimate strength of the system, while the

most frequent conditions are used for assessment of the fatigue life of critical components.

The mooring system analysis in time-domain is one of the most computer-

intensive and time-consuming tasks involved in the subsea layout definition for upstream
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projects. Simulations must be executed for a large number of operational conditions and
must be sufficiently long to characterize the dynamic behavior of the system with
statistical significance [2]. A thorough design process should also encompass sensitivity
analyses to explore the effects of varying parameters, optimizations to ensure highest
performance and/or the lowest cost, and risk analyses (or uncertainty quantification) when
some of the input parameters cannot be defined with adequate precision.

A single simulation of a finite element software in time-domain can take many
hours to be completed. Consequently, analyses that require many simulations may
demand infeasible computational costs. The design of the mooring systems has therefore
typically relied on the expertise and engineering judgment of the teams in charge.
Previous projects in similar conditions are taken as a base case for new designs and little

to no optimization is ever performed — conservatism is added in lieu of detailed analyses.

In [13] to [17], the design of mooring systems was formally described as an
optimization problem and Evolutionary Algorithms (EAs), a group of biologically
inspired population-based metaheuristics, were implemented to solve them. The design
space defined by the mooring system optimization problem is complex and discontinuous,
which would be very difficult or even impossible to search with standard gradient-based
or quasi-Newton methods (direct optimization methods). As per Figure 2, metaheuristics
become the most adequate optimization technique for problems of increased complexity
like this [13].

Time used by exact methods

-~

Acceptable
running time

Use stand Use decomposition, Use heuristics/
solvets reformulation, etc... metaheuristics

LY

Complexity of the formulation
(in scope and detail)

Figure 2 — Complexity of the exact model and applicable optimization techniques



Among the most popular EAs, the Differential Evolution (DE) algorithm has the
distinct feature of using spatial information to take a greedy approach, in this way finding
minima quicker than other methods. Despite not guaranteeing the same quality of final
solutions as other methods, the fast convergence of the DE can be an advantage in
problems with computationally expensive objective functions.

The DE has been applied to constrained optimization problems through the use of
constraint handling techniques such as feasibility rules, penalties on objective functions,
stochastic ranking and the e-constrained method. According to [22], the competitive
results obtained with the latter method, known as e-Constrained Differential Evolution

algorithm (¢-DE) prompted its application in many diverse areas.

In the ¢-DE, besides the objective function (representing the feature to be
optimized), the candidate solutions are assigned with a constraint violation value
(representing the features to be avoided). The candidate solutions are then ranked by a
routine in which minimization of the constraint violation precedes minimization of the
objective function. The amount of allowable constraint violation is given by the parameter
&, which decreases to zero along the generations. The ¢-DE fits well with the design of
mooring systems, in which ensuring feasibility of the system is more important than

reducing its costs.

Metaheuristics cannot guarantee that the global optimum is found but deliver
quality solutions in a time-efficient manner. However, a great number of candidate
evaluations (function evaluations) are required. Because of that, the methods adopted for
estimating the performance of the candidate solutions varied significantly in [13] to [17],
from simplified static analyses to expensive time-domain simulations — some being more
precise than others and posing a clear trade-off between precision of the results and the

computational times required to deliver them.

In the context of optimization of complex engineering problems, the use of
metamodels (or surrogate models) has emerged in later years as an important alternative
to avoid expensive computational analyses via exact models (or high-fidelity models)
during the optimization process. The idea is to enable the evaluation of a large number of
candidate solutions, even if with a certain degree of imprecision, instead of being limited

to a small number of costly, exact evaluations. For instance, the e-DE has been coupled



to different metamodels with great success in constrained optimization problems of
various natures in [24] to [26]. According to research, the first approach yields better
results than the latter [26].

While exact models predict a system’s behavior by solving the mathematical
equations corresponding to the phenomena involved, metamodels use the statistical
correlations between inputs and outputs, identified from training data previously fed to
them, without knowledge of the phenomena being described. Estimates are almost
instantaneous once the metamodels are trained, rendering them ideal for use with
evolutionary algorithms. Figure 3 outlines the use of metamodels to replace expensive

computational simulations during optimization processes.

Design 7
parameters .7

P 1 1
(@', flz))
X1 (@, f(2%) Training o
X, : ”
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Xy model
—

S g Output

y~ f(X)

~ =t Expensive, since it involves many
==/ simulation runs

Cheap, since training and employing
a surrogate model is not expensive

Figure 3 — Use of metamodels to replace expensive computational simulations

Popular metamodels include polynomial response surfaces, similarity-based
methods such as the k-Nearest Neighbors, Radial Basis Functions, Support Vector
Machines and Artificial Neural Networks. Depending on the choices of the
hyperparameters, ANNs can become universal function approximators, which represents
a tremendous advantage since it removes potential errors originating from the selection
of the functional form of the metamodel. Pina et al. [19] and Sidarta et al. [20] already
demonstrated that ANNSs can approximate the results of mooring analyses in time-domain

with adequate precision.



In this way, the application of the e-DE coupled to ANNs can provide very
interesting results when applied to the mooring system optimization problem. The method
requires virtually no human intervention, and the generation of the training dataset for the
metamodel can be decoupled from the critical path of projects — strong features for a new

approach to the design of FPSO spread mooring systems.

1.2.  OBJECTIVE

To present a new approach to the design of FPU spread mooring systems. The &-
Constrained Differential Evolution algorithm is used to design optimized mooring
systems and a metamodel by Artificial Neural Networks, trained with data from time-
domain simulations, is employed to evaluate their performances in extreme

environmental conditions.

The integration of the optimization algorithm and the metamodel into a unified
framework for FPU spread mooring systems design represents a new implementation in
the offshore Oil & Gas industry, which is shown to mark an enhancement to present

standard approaches.

1.3. LITERATURE REVIEW

Carbono et al. [17] used a Genetic Algorithm (GA) to optimize spread-moored
systems in terms of their maximum offsets, adopting an unconstrained formulation for
the problem. Only the azimuths of the mooring legs were controlled by the optimizer. The
floating unit’s offsets were found by applying the catenary equation to each mooring leg
and by using an iterative process to compute the final unit equilibrium position. This work
achieved interesting results despite its very simplified modelling of the physical problem

and established the grounds for future works in this line of research.

Shafieefar et al. [16] also employed a GA for the optimization of a floating unit’s
heading and mooring configuration with the aim of minimizing its offsets. For that, pre-
tension levels and the components of the mooring legs were used as design variables. The
constrained problem was converted into an unconstrained problem by adding penalties to
the objective function of individuals not complying with the maximum tensions acting on

the mooring legs. Each candidate solution was evaluated via time-domain analyses of pre-



defined environmental conditions.

Monteiro et al. [14] used the Particle Swarm Optimization (PSO) algorithm to
optimize mooring systems and non-linear time-domain dynamic analyses to evaluate the
candidate solutions. In this work, instead of minimizing the cost of the system or the FPU
offsets, the objective was to obtain a mooring configuration that maximizes the offsets
inside an allowable zone defined by the risers’ system. By choosing this objective
function, feasibility of the system drives the search but the cost of the system is also
minimized. A total of 192 thousand analyses were performed for the case study presented.
Because of the high computational costs associated, a parallel computing environment

was implemented.

Monteiro et al. [15] adopted an unconstrained formulation of the mooring
optimization to compare the performances of the PSO and Differential Evolution (DE)
algorithms. It was found that both algorithms are able to provide feasible mooring
configurations, but the DE presented faster convergence thus requiring fewer candidate
evaluations to reach similar objective function values. It was also noted that the behavior
of the PSO may be problem-dependent, therefore a complex first step of tuning its

parameters is needed.

From these works, it is clear that EAs are appropriate to solve the mooring
optimization problem, but one critical feature of their use was highlighted: the
computational cost associated to the large number of candidate evaluations via time-
domain analyses necessary to achieve good results. Owing to that, nowadays it is still not
commonplace to deploy EAs in the design process of mooring systems.

Metamodels for the assessment of the responses of moored structures and the
tensions on the mooring legs are generally based on Artificial Neural Networks. Pina et
al. [19] and Sidarta et al. [20] demonstrated that ANNs can approximate the results of
mooring analyses with very good precision. The use of these models, however, has not

been undertaken in the context of optimizing the mooring system.

Previous works have focused on the development of generalized strategies for the
coupling of metamodels and EAs that are relevant to a wide range of engineering
problems. Fonseca et al. [24] used a similarity-based metamodel known as k-NN (k
Nearest Neighbors) to support the GA in constrained and unconstrained, single-objective

and multi-objective theoretical problems. Garcia et al. [25] coupled the k-NN and the &-



Constrained Differential Evolution algorithm to solve structural optimization problems.
Awad et al. [26] combined a metamodel by Kriging with the Differential Evolution

algorithm to solve theoretical and real-world problems.

Although the coupling of EAs to metamodels has already been studied
extensively, as per above, only Pillai et al. [13] applied the method to the design of
mooring systems. In this work, a constrained multi-objective GA was coupled to a
metamodel by Random Forests to design optimized mooring systems for FOWTs. The
objective functions are related to the cost and fatigue life of the system, both estimated
by the metamodel previously trained with the results from time-domain analyses of
random configurations generated by a Monte Carlo sampling routine. The multi-objective
approach does not identify a single optimal configuration for problem, but aids in
decision-making process by presenting the trade-off between the competing objectives.
The results indicate that the approach was very effective, with a reduction of times
required on the order of 114 times when compared to direct optimization approaches.

1.4, DOCUMENT STRUCTURE

Chapter 2 briefly outlines the standard design methodology of mooring systems.
The physical phenomena involved, the typical analysis procedure and the requirements

from the applicable design codes are introduced.

Chapter 3 contains an explanation of the design methodology herein proposed.
The optimization algorithm e-Constrained Differential Evolution and the metamodel by
Artificial Neural Networks are detailed. The mooring system design as an optimization

problem is formalized and the overall methodology to solve the problem is described.

Chapter 4 presents the results related to the implementation of the optimization
algorithm and the metamodel. Finally, a case study of a typical VLCC-sized in operation
in Santos Basin, offshore Brazil, is used to demonstrate the auspicious results obtained
with the method.

Chapter 5 registers the conclusions and suggestions for future works.



2. MOORING SYSTEMS

Mooring systems play a major role in supporting the safe operation of oil and gas
FPUs, FOWTs and other offshore installations. The mooring legs are sized to provide
enough restoring force against the environmental loads acting on the floating unit (wind,
waves and current), and also meet the structural safety factors given in the applicable
design codes [1 - 5]. The mooring legs attach the units to the seabed, by means of the
mooring points (anchors), and limit its horizontal excursions. Besides, a tensioning
system onboard the floater, composed of mechanical equipment such as winches, chain
stoppers, lockers, fairleads etc., is used during mooring installation/de-installation

operations — this system is out of the scope of this work and is not detailed herein.

The restoring forces provided by mooring legs arise from a combination of the
mechanical properties of their components (mainly the axial stiffness) and geometric
effects due to changes on the suspended length of the legs with the vessel offset (referred
to as geometric stiffness or catenary effect). Figure 4 illustrates the working principle of
mooring systems. The horizontal projection of the mooring leg tension supplies the force
that counterbalances external loads. Tension and top angle are increased in windward
legs, while leeward legs become slack and, as a result, the net force of the system pulls

the unit towards its original position.

=
=
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==
-

Figure 4 — Station keeping mechanism



In spread mooring systems, the legs are grouped and connected to the corners of
the FPU (mooring clusters). See Figure 5. The design of the system consists in defining
the number and composition of the legs, radii (commonly defined as % of water depth)
and pre-tension levels in each cluster. Pre-tension is defined as the tension at the top of
the legs with the floater at its static equilibrium position (no wind, no waves and no
current acting) and is calculated for different vessel drafts and number of risers connected.

Heading

PS clearance
/
/

/

Figure 5 — Spread mooring system configuration

The vessel heading is usually defined taking into account the maximum motions
at points of interest (e.g., critical equipment, helideck and accommaodations), operations
with supply boats and shuttle tankers, safety studies etc. The clearances between mooring
clusters depend on the number of risers fanning out to each direction, and should
guarantee a minimum spacing between moorings and risers in order to avoid potential
clashes. The spacing between the legs of each cluster must consider operational safety
issues and may also be impacted by seabed features such as high declivities, shallow
outcrops of very hard clay, geological faults etc. Lastly, the Maximum Holding Power
(MHP) of the anchors or piles varies with the concept adopted and the type of soil.

Figure 6 contains a scheme of the typical composition of mooring legs [12].

9



Synthetic fiber ropes offer many advantageous properties and are commonly used in
permanent (long-term) mooring systems. The light material enables a significant
reduction in the vertical loads at the floater interface and the associated structural
requirements. Synthetic fibers are also free of corrosion and have extended fatigue life.
However, these ropes cannot withstand wear and abrasion resulting from intermittent
contact with the seabed and the floater structures, therefore can only be used in the free
span of the mooring legs. Chain segments, which are generally damaging to the efficiency

of the system, are then employed in the top and bottom segments.

p Smm—
- e S/
Top Chain — //
7 /
> ” /
— B //
" /
o /
Wire/ Fiber —— -/
—_ /
Ropes ™~ / WD
AN e
\ /
\\
Bottom Chain L4
. /
\. /‘/
Mooring |
_ * Radi .
Point ~——— ¥ acius ‘

Figure 6 — Typical composition of mooring legs

Chains are specified according to the diameter and steel grade. Synthetic ropes
are usually made of polyester fiber and specified by the SWL. Connection accessories
(shackles, thimbles, hooks etc.) are used between segments. Normative references for
chains and fiber ropes can be found in [6], [7] and [8]. Figure 7 illustrates the common
links of mooring chains and Figure 8 shows the typical construction of the fiber ropes.
The choice of the mooring point is related to the water depth, soil properties and

operational philosophy of the installation owner.

For numerical analysis, corrosion and wear of the chain are considered as a
discount on the MBL while other properties (AE, weight, diameter, etc) are not changed.

Marine growth on the segments near the surface is taken into account as an increase in

10



the weight and drag coefficient of these segments. These effects can be calculated with
the formulation and input data proposed for instance in [3].

6xd
6xd

3.6xd d 3.35xd d
Stud common link Studless common link

Figure 7 — Mooring chains
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Figure 8 — Fiber ropes
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Polyester ropes exhibit a non-linear load-elongation behavior that is dependent on
mean load, load amplitude, rate of loading and load history [8]. Besides the elastic
elongation (reversible, function of the load level and frequency), a constructional
elongation (irreversible, caused by the combined effect of bedding-in and lengthening of
the fibers with the maximum loading experienced during the lifetime) and a long-term
creep (irreversible, characteristic of synthetic fibers under constant tension for extended

periods) also occur.

To overcome the complexity portrayed above, the common approach in numerical
analyses is to adopt upper and lower bounds for the polyester axial stiffness. In this
procedure, each load case is simulated twice: once using the lower bound stiffness to
estimate maximum vessel offsets and once using the upper bound stiffness to estimate
maximum mooring leg tensions. The ropes are modelled in the simulations considering
their maximum permanent elongation, typically around 3.8%. More details and

alternatives for the numerical modelling of synthetic ropes are available in [8].

The most widely used design procedure for mooring systems is based on fully-
coupled time-domain simulations. Time-domain analyses are able to capture non-linear
load effects and provide response statistics without making assumptions regarding its
distribution — frequency-domain approaches, on the other hand, require linearization of
the load effects and assume a narrow-banded Gaussian response distribution. Risers and
mooring legs undergo large displacements during severe storms and the
structural/hydrodynamic behavior becomes highly non-linear, restricting the use of the
frequency-domain approach to special cases where linearity can be proven to play a

prominent role.

In fully-coupled analysis, the interplay between the hydrodynamic behavior of the
floating unit and the structural/hydrodynamic responses of the risers and mooring legs is
taken into account [9]. The responses of the floater, risers and mooring legs are obtained
simultaneously at each time-step of the simulation via incremental integration methods

(time-marching algorithms), e.g., the Newmark algorithms, by solving Equation (1).

(M + A)jé + Bx + Kx = Fwind + Fwave + Fcurrent + Fwd + Flines (1)
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X, X, X represent the floater’s position, velocity and acceleration, respectively. M,
A, B and K are the global matrices of mass, added mass, damping and hydrostatic stiffness
matrices of the system, respectively, including all contributions from the floater, risers
and mooring legs. Fwind, Fwave and Feurrent encompass the environmental loads acting on
the floater, Fwq represents a wave drift damping term due to changes in the wave encounter
frequency because of currents and/or the floater velocity, and Fiines include the top tension
plus drag due to the environmental loads acting on the risers and mooring legs.

The most precise numerical model currently available for risers and mooring legs
makes use of the Finite Element Method, outlined in Figure 9 by means of the free-body
diagram of an infinitesimal element of the mooring leg. P denotes the weight per unit
length, T the effective tension, dl the length of the element, and AE the axial stiffness
(bending and torsional stiffness terms are neglected). The hydrodynamic forces F, and
F,, are calculated with the Morison equation for moving structures in waves and currents
[11]. From this diagram arises a set of non-linear equations, representing the dynamic
equilibrium of the element, that is solved at each time-step by means of iterative routines,
e.g. the Newton-Raphson method.

Pdl

Figure 9 — Free-body diagram of an element of the mooring leg

Alternatively, much faster results can be obtained by representing the risers and

mooring legs with the analytic catenary equation. This formulation predicts a purely static
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configuration at each time-step, disregarding dynamic effects such as inertia, drag and
damping. This results in reduced top tensions and vessel motions that are larger than
would otherwise be predicted. This method, known as quasi-static, provides consistent

results and is generally used for screening of critical load cases.

The hydrodynamic properties of the floating unit can be predicted with
radiation/diffraction softwares, based on the potential theory (assuming irrotational,
incompressible and inviscid flow) and the panels method. The mass, damping and
hydrostatic stiffness matrices of the floater are estimated together with transfer functions
between sea surface elevation and wave-induced loads on the moored structure. As per
Figure 10, the interaction between waves and floating structures can be conveniently
decomposed into a mean component, a low-frequency component, and a wave-frequency
component [2].

Low Frequency

v v v
Mean 4
}‘_‘ Wave Frequency

Time

Figure 10 — Responses of the moored structure

The wave-frequency responses of the moored structure, with periods ranging from
310 30, are defined by 1% order transfer functions known as RAOs (Response Amplitude
Operators), which set a linear relation between wave-induced loads and wave heights.
The low-frequency responses arise from wave group effects and cause significant
displacements in the horizontal degrees of freedom of the vessel with periods above 60 s
(slow drift), being described by 2" order transfer functions called QTFs (Quadratic
Transfer Functions) for its quadratic relation to the wave height. The mean component
(mean drift) is also a 2" order effect, caused by the floater’s reflected and transmitted

waves [9].
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The sea surface is a random process represented in the numerical simulations by
the superposition of numerous regular waves with different amplitudes, frequencies and
phases. The diagram in Figure 11 illustrates how the Fourier Transform and its inverse
are used, together with the relationship between wave energy and wave height, to generate
the wave energy spectrum in frequency-domain (from on-site measurements) and the
wave signal in time-domain for numerical analysis (from idealized spectra). Various
spectra are available in the literature, with different ranges of application recommended
for each. See further details in [11]. The Pierson-Moskowitz and JONSWAP formulations
are the two most widely used in the Oil and Gas industry [9].

Wave Record

Figure 11 — Wave spectrum and wave signal

The wave spectrum (S;) is basically defined by the significant wave height (Hs),
which denotes the mean height of the 1/3 highest waves of the storm, and the peak period
(Tp), the period with highest energy in the spectrum. For each environmental direction,
multiple Hs-Tp pairs representing the extreme waves for given Return Periods (the
estimated average time between events such as extreme storms) can be identified via
statistical analyses of on-site measurements. Figure 12 exemplifies extreme Hs-Tp

contour curves.
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The information regarding the phases of the wave components is discarded in the
spectra. Hence, random phases have to be assigned to the regular wave components to
generate the sea surface signal for numerical analyses. These phases can have a significant
impact in the final results, therefore many combinations of samples (combinations of

random phases) should be simulated for each load case.
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Figure 12 — Extreme Hs-Tp curves

Wind and current forces on the floater are usually estimated based on the standard
drag formulation and considering relative flow velocities [9]. Drag coefficients for each
degree of freedom of the vessel and flow incidence direction are determined via CFD

simulations, wind tunnel tests or calculation procedures proposed in the CS rules.

Current is modelled as a constant tridimensional profile, as illustrated in Figure
13, and adds to the mean drift load from the waves. Unidirectional wind gust spectra,
which reflect the fluctuations about a certain mean wind speed (usually the 1 h sustained
wind speed), are used to determine the wind velocity signal in a process similar to the
waves signal generation, contributing to the slow drift of the vessel. See Figure 14 for a
comparison of the many different gust spectra formulations available. A constant wind

parcel also contributes to the mean drift of the unit.
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Figure 14 — Wind spectra

Table 1 presents the design cases commonly considered in the design codes. The
ultimate strength and fatigue life of the mooring legs are verified via the simulation of
load cases representative of all possible situations that the system may withstand during
its lifetime. Redundancy check is performed considering extreme environmental
conditions and failure of the most load legs of the system. Also, all scenarios in terms of

number of risers connected to the FPU foreseen in the project should be evaluated [1].
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Table 1 — Design cases

_ Mooring Environmental Condition RP
Design Case Intearit -
ntegrity Wind Wave Current
100-year 100-year 10-year
Intact
10-year 10-year 100-year
Extreme
100-year 100-year 10-year
Damaged
10-year 10-year 100-year
Fatigue Intact LTDs

In strength analyses, simulations are performed for short-term sea-states defined
by a combination of wind, waves and current with different Return Periods (RPs). Wind
and waves are usually applied collinearly, while current is applied collinearly and up to
+45 deg apart from wind and waves. Fatigue analyses are performed with Long-Term

Distributions of operational conditions with their associated frequencies of occurrence.

The system responses are then checked against the offset limits, mooring strength
and fatigue life to ensure that the minimum safety factors defined in [1 - 5] are respected.
As shown in Table 2, the applicable safety factors to be considered over the mooring line
MBL for strength analyses depend on the mooring system integrity condition and the
methodology used in the simulations (dynamic means that risers and mooring legs were
modelled via FEM, while quasi-static means that the analytic catenary equation was
used). Different figures are adopted for the anchoring devices, depending on the concept

adopted and direction of the loading [2].

Table 2 — Safety factors for mooring line components (strength analyses)

Design Condition Dynamic Quasi-Static
Intact 1.67 2.00
Damaged 1.25 1.43

The safety factors for fatigue analyses are defined by the Classification Societies
based on criticality and inspectability/repairability considerations, with values ranging

from 3 to 10. In this context, criticality means that failure of the structural element would
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result in rapid loss of integrity with unacceptable consequences.

Given the random nature of the process simulated, maximum results for strength
analyses are extracted from Extreme Value Distributions (EVD) derived from the time
series of the system responses. Figure 15 illustrates the process. Because of this, the
simulations must be sufficiently long to guarantee stabilization of the response statistics
of each simulation. The parameters of the distribution of response maxima (usually fit to
a Weibull distribution) are used to derive the EVD (a Gumbel Type I distribution). The
number of samples (random phases) simulated for each load case needs to be addressed
carefully to ensure grounds for judging the behavior of the EVD tails and reduce the risk
of fitting the maxima distribution to freak samples.

g(1) response maxima

W Extreme distribution

Maxima distribution

Extreme value

Figure 15 — Derivation of the EVD from the response time series

Maximum results usually refer to the Most Probable Maximum (the mode of the
EVD, associated to a 37% non-exceedance probability) or the Expected Maximum (the
mean of the EVD, associated to a 57% non-exceedance probability), depending on design

code adopted. See the guidance notes in [3].
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Figure 16 — Mooring fatigue design curves

For fatigue analyses, cycle-counting routines such as the Rainflow algorithm are
used to define the number of cycles at different tension range levels for each sea-state
simulated. Together with the associated frequencies of each sea-state, the distribution of
tension/stress ranges and number of cycles is assembled and compared to T-N/S-N curves
given in the design codes to calculate the fatigue life via Miner’s Rule. The T-N/S-N
curves (mooring fatigue design curves) express the maximum allowable number of cycles
at different tension/stress ranges (double amplitudes). Figure 16 presents the T-N curve
from [1].

Figure 17 summarizes the mooring system design workflow. Strength analyses
are usually performed first, and fatigue analyses are only executed when solutions that
meet the applicable strength criteria have been found.
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Figure 17 — Mooring design workflow
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3. DESIGN METHODOLOGY
3.1. OVERVIEW OF THE METHOD

The complexity involved in the mooring analysis was briefly outlined in chapter
2. Despite the ample literature available demonstrating the advantages of employing
metaheuristics to the mooring system design problem, owing to the computational times
associated with the simulations (exact function evaluations), it is not yet commonplace to

deploy optimization algorithms in their design cycles.

In many real-world optimization problems, expensive exact function evaluations
like mooring system analyses are being replaced with the less expensive metamodels
(approximate function evaluations), that are able to provide the information required to
aid the process in a suitable time. A similar approach is proposed in this work, as outlined

in Figure 18 (refer to 3.2 for the abbreviations used).

Generate Evaluate Training
START o » Set via TD ANN training |«
Training Set _
analysis

— ) S DCI._‘ e Candidate Evaluate
Optlmlze design s Candld_ate similarto candidate via
with e-DE sampling Training Set? TD analysis
Evaluate
candidate via
ANN
Tiop, Tanc, Lseabed, Offset
s Evaluate best
Termination . .
solutionvia TD END

criteria met? .
analysis

Figure 18 — Overview of the methodology
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The mooring system design as an optimization problem is formalized in 3.2 with
a single objective function and constraints. The ¢-Constrained Differential Evolution
algorithm [21], detailed in 3.3, was implemented to solve the problem. Like other EAS,
the method uses mutation, crossover and selection operators to drive the population
toward better solutions in the design space along the generations (evolution cycles). The
algorithm has been proven to be fast and robust when applied to the optimization
problems including non-linear, non-differentiable, non-convex and multi-modal search
spaces, much more complex than the one defined by the mooring system design problem
[14].

The metamodel was trained using the results of time-domain simulations with
OrcaFlex, an industry standard software package for the analysis of the responses of
moored structures. The optimizer is usually run multiple times during the design process,
therefore the number of time-domain simulations is significantly reduced with the
proposed method. Because of their successful application in previous works like [19],
[20] and others, Artificial Neural Networks, described in 3.4, were used for the

approximation of mooring analyses in time-domain.

Each sample of the training set was evaluated via time-domain simulations of a
pre-defined set of environmental conditions. These conditions are the ones leading the
base case system to the maximum offsets and the maximum tensions. Minor variations of
the critical cases related to each candidate solution should be expected, but from previous
experience it is known that the above procedure is a fairly reasonable approximation. Still,
future works should investigate ways to generate the training set more precisely and with

the least amount of additional simulations required.

The input features to the metamodels are the design variables of the optimization
problem and the output features are the objective function and the constraints.
Metamodels were built for each of the relevant outputs of the mooring analyses in time-
domain. The training set of the metamodel was assembled via a Monte Carlo sampling
approach, considering the whole range defined by the bounds of the selected design

variables.

In order to ensure that the metamodel is relevant to the region of the search space
being explored by the optimizer, the routine first verifies if the candidate solution is

similar to the samples present in the training set of the metamodel. Similarity is defined
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based on the number of samples within a certain distance, arbitrarily defined, of the
candidate being assessed. In this way, as the e-DE proceeds, the training set from which
the metamodel is built grows continually. This ensures that the metamodel is always
interpolating from known samples rather than extrapolating, thereby reducing estimation

errors. This latter feature was highlighted by the dashed line in Figure 18.

The ¢-DE searches the design space until no constraint violation is detected in the
best individual of the generation and no additional gain in the objective function is
attained in a pre-defined number of generations. Time-domain analyses are again utilized

to confirm the feasibility of the best solution found by the optimizer.

All routines were developed in Python 3.6. Python is a high-level language whose
interesting object-oriented features enabled an uncomplicated implementation of the &-
DE. Also, many specialized libraries with Al methods are available, allowing a
straightforward implementation of the ANNs. In addition, OrcaFlex has an in-built
application programming interface in this language, allowing the generation of the

random samples for the training set with ease.

3.2. MOORING SYSTEM OPTIMIZATION PROBLEM

The mooring system design can be formulated as a single objective constrained

optimization problem, which is formally defined as:

Minimize f(x) 2
Subject to:
gj(x) <0, 1<j<gq 3)
hi(x) = 0, 1<j<r (4)
L<x<w, 1<i<n ®)

Where x € S is the vector of decision variables, f(x) is the objective function to be

minimized, gi(x) are the inequality constraints, and h;j(x) are the equality constraints. The
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functions f, g and h are real-valued and can be linear or non-linear. The values ui and I;
are the upper and lower bounds of x;, respectively. The bounds define the search space S

and the constraints define the feasible region R within the search space, so that R — S.

In this work, the cost of the system installed offshore is the objective function to
be minimized. The maximum FPSO offsets and the maximum tensions on the mooring
legs, in line with the applicable design codes, are taken as constraints. In addition,
synthetic fiber segments should not touch the seabed in intact mooring conditions.

Equations (6) to (10) define the problem, totalizing four non-linear inequality constraints.

Minimize CAPEX (x) (6)
Subject to:

Of fset(x) —MAO <0 7

MBL
Ttop (X) - F <0 (8)

MHP
Tanc(x) - F <0 (9)
Lseabed (x) - Lbc(x) <0 (10)

Where x is the mooring system configuration (candidate solution), Tip iS the
maximum tension at the FPSO fairlead level, Tanc is the maximum tension at the anchor
level, Lseabed is the maximum length of mooring leg that lays on the seabed and L. is the
length of bottom chain (the subtraction gives the polyester clearance to the seabed). The
estimated CAPEX comprises the materials of the mooring legs (anchors, chains, polyester
ropes and connection accessories) and the installation operations (anchor deployment and
mooring leg hook-up to the floating unit).

Table 3 presents the design variables which define the candidate solution. The
bounds of the variables are problem-dependent and are defined in the case study. The
vessel heading and the distribution of the risers system are taken as constraints from the

subsea layout and cannot be changed during the design of the mooring system,
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consequently are not included in the list. Also, the azimuths of the mooring legs are
defined in function of their numbers per cluster, considering minimum spacings according

to operational requirements.

Table 3 — Design variables for the mooring optimization problem

Design Variable Type
Number of Legs (n) Discrete
Radius (r) Continuous
Pre-tension (To) Continuous
Length of Bottom Chain (bcL) Continuous
Chain Specification (cD) Discrete
Fiber Rope Specification (prD) Continuous

As already stated, the top chain segment has a detrimental effect to the mooring
system efficiency and should be minimized — usually, this length is only enough to ensure
that the fiber ropes always operate in adequate water depth to avoid marine growth issues
that could require premature disposal of the material. The length of bottom chain should
meet any requirements from the anchor installation procedure and should also guarantee
that the fiber ropes will not touch the seabed in normal operational conditions, as per
guidance in ISO and API.

Taking the above into consideration, in this work the top chain length is fixed to
a minimum and the bottom chain length is a design variable. With these defined, the

length of the fiber rope is adjusted to match the desired pre-tension level.

3.3. &-CONSTRAINED DIFFERENTIAL EVOLUTION

The e-Constrained Differential Evolution algorithm [21] is a population-based
metaheuristic search algorithm that optimizes a problem by iteratively improving the
candidate solutions based on an evolutionary process. Like others EAs, the method
comprises stochastic mutation, crossover and selection operators to drive the population
toward better solutions in the design space along generations (evolution cycles). DE has

been proven to be fast and robust when applied to optimization problems including non-
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linear, non-differentiable, non-convex and multi-modal search spaces — such as the one

posed by the mooring system optimization problem [14].

In DE, all individuals of each generation are used as parents. Following Equation
(11), a base vector v is defined by the perturbation of the parent vector x with the
difference of vectors a and b, random individuals (different from x) taken from the
population. The scaling factor F is a positive number that controls the rate at which the

population evolves.

v=x+F(a—b) (11)

The base vector v is then recombined with the parent vector x by a routine called
exponential crossover, presented in Equation (12). In this routine, a point k is randomly
chosen from all dimensions of the parent vector and is used as a starting point for the
exchange of elements between x and v. A maximum number of exchange points L is also
chosen. The elements from x are replaced by the elements from v starting at k, with a
probability given by the crossover rate CR, or until point k+L is achieved, thus defining
the trial vector z.

;= {vi, rand(0,1) <CRandi <k+1L
;=

X, otherwise (12)

Gradient-based mutation is used as a local search operator to improve feasibility
of the trial vectors z. It is applied over z with a probability Py if the parent vector x is not
feasible (constraint violation more than the maximum allowable, &). The operator is
applied until z becomes feasible or until the number of the replacements becomes Rg. The

increment Az, and the mutated vector z” are given in the equations below.

Az = —VC(2)"IAC(2) (13)
z'=z+Az (14)
AC(z) = (maxj (0, gj (z)) , |hj(z)|) (15)
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AC(z) is the vector of constraint violations and VC(z) ™! is the pseudo-inverse of
the gradient matrix (the matrix is non-square), calculated by Singular Value

Decomposition and using Finite Differences considering small perturbations over z.

For survivor selection, the trial vector is accepted for the next generation if it is
better than the parent according to the e-comparison, defined in Equation (16). Let fj and
@i be the objective function value and the constraint violation value at point xi. The
individual x1 is said to be better than x. if both constraint violations are below the e-level
and x1 has a lower objective function, or if both have the same constraint violation and x:

has a lower objective function, or finally if x1 has lower constraint violation than x..

fi < /o Y1, P2 S €
(191 < (o 92) © i< fo P1= @, (16)
P1 =< @y, otherwise

The constraint violation function ¢(x) is usually chosen from Equations (17) and
(18) (with p a real-valued, positive number). Equality constraints hj(x) = O are relaxed
and replaced by inequality constraints, considering gj(x) < ¢ and a small &, so these

equations can be implemented in simpler forms.

@ (x) = max (maxj (0, gj(x)),maxj|hj (x)|) a7

ox) = Z max; (0, gj(x))p + Z maxj|hj(x)|p (18)
Jj Jj

The &-level represents the maximum allowable constraint violation and is defined
as a function of the number of generations. It was shown that optimal solutions can be
obtained with the ¢-DE by converging the e-level to 0. In [21], the rule expressed in
Equation (19) was adopted for controlling the ¢-level. The e-level is initially defined as
the constraint violation value of the top #-th least violating individual of the initial
population and is then decreased with a speed factor cp along tc generations, after which

no more violations are allowed.
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@(xp), t=0
t\P
e(t) =1 £(0) (1 —t—) ,  0<t<t, (19)

0, t>t,

The strategy of preserving feasible elites is used while the e-level is positive, after
that it becomes irrelevant. The Ne most feasible individuals, which have minimum
constraint violation, are preserved as elites in the initial generation. The parent vectors x
and perturbation vectors a and b are selected from not only the current population but also
from the feasible elite. New trial vectors are continuously compared with the elites and

replace them when adequate.

The pseudo-code of the ¢-DE is shown in Figure 19. The parameters that need to
be set are the size of the population, the total number of generations, the number of
generations tc until the e-level is forced to 0, the e-level decay speed factor cp, the scaling
factor F, the crossover rate CR, the number of individuals in the feasible elite Ne, the level
of initial elitism 6, the gradient-based mutation probability Py and maximum number of
replacements Ry. The algorithm evolution proceeds until no constraint violation is
detected in the best individual of the generation and no additional decrease in the

objective function is attained in a pre-defined number of generations.

Generate initial population
Define initial feasible elite
Do
Set e-level
Do for each parent vector x in population
Choose individuals a and b different from x
Define base vector v
Define trial vector z by exponential crossover between x and v
Gradient-based mutation of z if x is not e-feasible
Replace x with z based on e-comparison
Update feasible elite
Until termination criteria are met

Figure 19 — Pseudo-code of the ¢-Constrained Differential Evolution

3.4. ARTIFICIAL NEURAL NETWORKS

The development of ANNSs was inspired by the characteristic functioning of their

biological counterparts. The complexity of the animal brain is highly abstracted when
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modelling artificial networks but there are two key similarities between them. First, the
building blocks of both networks are the neurons — simple, highly interconnected
processing units. Second, the connections between neurons lead to a global behavior of
the network, which in turn determines its properties. This global behavior is said to be

emergent, meaning that the capacities of the network supersede those of its elements.

Inputs Bias
Wy W,
Activation Output
Function utpu
O S =)
Wy

Figure 20 — Artificial neuron

The artificial neuron is idealized in Figure 20. The inputs x; are like the synapses
in the biological brain, and their weights w; are the relative strengths of these synapses.
The strength of two connected biological neural pathways is thought to result in the
storage of information, creating memory. Likewise, the synaptic weights play a crucial
role in artificial nets as they contain the knowledge about the input-output relation.

The next equations summarize the artificial neuron processing. The scalar z is
given by the dot product of the inputs and the synaptic weights of the net, given by vectors
x and w respectively (the bias is treated as a constant input equal to 1), and the activation

function is represented by f.

z= Z Wix; (20)

y=f() (21)
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Table 4 — Non-linear activation functions

Name Function Plot
Rectified Linear Unit
| I(ReLIU) | f(z) = max(z, 0) J
Hyperbolic Tangent _ef—e?
(tanh) f(2) = T /
Logistic B 1 ]
(Sigmoid) fl2) = T3 oz R

Table 4 presents typical activation functions employed in ANNSs. Activation
functions are added to the networks to help create complex mappings between inputs and
outputs. The activation function has a major effect on the network’s ability to converge
(train, learn the data) and the convergence speed. Because the learning algorithm works
by means of gradient-based methods and the chain rule, the activation functions must be
monotonic and continuously differentiable. Ideally, the activation function and its
derivatives should also be computationally inexpensive to facilitate the training of the net

with large quantities of data.

The value of the derivative of the ReLU function at zero can be arbitrarily chosen
to be 0 or 1, so its use in ANNSs is still possible. This function has found widespread
applicability for it provides better gradient propagation when compared to the Sigmoid
and Hyperbolic Tangent functions, which saturate for z = + e and may hinder the proper

training of the network, a common issue known as the vanishing gradient problem.

Figure 21 exemplifies a multilayer feed-forward neural network, also called
Multilayer Perceptrons (MLPs), one of the simplest and most widely used ANNSs for real-
valued regression problems such as the mooring analysis in time-domain. In MLPs, the
artificial neurons are disposed in layers, with the neurons of each layer fully connected to
all neurons of the adjacent layers. The outputs of one layer are the inputs of the next layer.
The hidden layers and the output layer process the information they receive, unlike the
input layer. The number of hidden layers and the number of neurons in each layer depend
on the complexity of the model. Most applications achieve satisfying results with only

one hidden layer.
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Figure 21 — Multilayer Perceptron (MLP)

N

Figure 22 presents the forward-propagation scheme. The input data is given to the
first hidden layer and the output of each layer becomes the input of the next layer until

the output of the net is obtained.

X Y, Y, Y,
Hidden 1 Hidden 2 Output

Figure 22 — Feedforward scheme

As already stated, the synaptic weights calibrate the input-output relation and their
fine-tuning is at the core of the training (learning) process. The learning algorithm of the
MLP is known as backpropagation and uses a supervised procedure, i.e., the network
builds a model based on known input-output pairs (the training data). The synaptic
weights are initialized as small random numbers and the predictions of the net are
compared to the real outputs to obtain the error function E. The weights are updated
according to the gradient of the error function with respect to themselves, as per Equation

(22), in which « denotes the learning rate of the training process.
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OE (w;)
aWi

w; = —a (22)

Figure 23 presents the scheme of the backpropagation algorithm and explains how
the chain rule is applied to obtain the partial derivatives of the error function with respect
to synaptic weights of the many layers of the net.
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Figure 23 — Backpropagation scheme

Let yi and yi-1 be the outputs of two interconnected neurons in adjacent layers i
and i-1, and let w; be the weight of the connection between them. Recall that the outputs
from layer i-1 are the inputs of layer i (layer i = 0 is the input layer of the net). Recalling
Equation (20):

dy; _% 0z =a%’

- 32 Vi 23
ayi—l azi ayi_l aZi ¢ ( )
0FE 0E 0y; OE 9v:

_OE oy _oBov o0
0y;i—1 0y;0y;_ 0y; 0z
OE _ OE dy; _ OE 0y; 0z; _ OE 0y; 5)

ow; ~ dy,ow, 9y 07;0w; 0y, 07"

The above equations are applied to all connections of the net and the synaptic
weights are adjusted according to Equation (22). In practice, the synaptic weights are
updated after batches of input-output pairs are presented to the metamodel in order to help
stabilize (average out) the optimization process. Typical batches range from 32 to 200

entries of the dataset.
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The error function must be defined as an average of the errors of the training pairs
to enable the generalization of the network. Common error functions used in regression
analyses [18] are the Mean Squared Error (MSE), the Mean Absolute Error (MAE) and
the Coefficient of Determination (R?), defined in the equations below (with y and ¥, the
real and approximated outputs for the P entries of the training data). The Coefficient of
Determination, ranging from O (totally imprecise) to 1 (totally precise), offers a
straightforward measure of the agreement between targets and estimations of the

metamodel, hence was adopted in the case study.

P
1
MSE =5 O = 9 (26)
k
1 P
MAE =2 [y = %l @7
k
P _5\2
RZ—1_ 2k — Ii) (28)

Y2 (v — mean(y))’

As already explained, the parameter o in Equation (22) represents the learning
rate of the network and its effect is illustrated in Figure 24. The training of the net is
essentially an optimization search for the synaptic weights that minimize the error
function, and the learning rate gives defines the step with which the local gradient is
applied during the search. Too small a step and the optimization may be slow to converge,
too large and the optimization process may diverge entirely. This parameter is usually set

around 103,

' small a :;_”ms::dp;m | large a y
goma { l Descent) . \ Y
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Figure 24 — Effect of different learning rates on the network optimization
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The training of the metamodel must ensure that the model fits well with the

training data presented and that the model can generalize predictions to new, unseen data.

Underfitting

Overfitting Optimal

Figure 25 — Underfitting and overfitting of the metamodel

Figure 25 exemplifies the predictions of underfitted, overfitted and optimal

networks (red lines) compared to the observed data (blue dots). Underfitting occurs when

the model cannot adequately capture the underlying structure of the data and happens

mostly due to lack of sufficient training data. In this case, the model shows low variance

and high bias — it is excessively simple. Conversely, overfitting occurs when the model

contains more parameters than can be justified by the observations. The model shows

high variance and low bias. An overfitted model corresponds too closely to a particular

set of data and may therefore fail to fit additional data. In this case, the model is said to

be memorizing the training data rather than learning to generalize from patterns in the

data.

Error
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Solution
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A 4
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Figure 26 — Early-stopping to prevent overfitting
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To avoid generalization issues, the training data is usually split into training and
validation sets. The model is trained with the training set only, and the validation set is
used to test the generalization of the model. The model is trained in cycles as long as the
training and the validation errors are reduced otherwise the training is interrupted (early
stopping), as per Figure 26.

Regularization terms can also be added to the error function to fight overfitting
issues. The two most used regularization techniques are known as L1 and L2. Equations
(29) and (30) present the L1 term and the regularized weight updates. Equations (31) and
(32) present the L2 term and the regularized weight updates.

N
L1= AZ W] (29)
A — <6E +dL1)_ oE +/1d|Wi| (30)
Wi = @ aWi dWi N @ aWi dWi
N
12 = AZ(WQZ (31)
i
= —a(ZE L B2 L () "
Wi = « aWi dWL' - « aWi Wi ( )

Updating the weights based only on the model and data in Equation (22) can lead
to overfitting, which causes poor generalization. With regularization, the final value of w
is not only influenced by the model and data but also by the independent parameter 4,
usually set around 10, thus reducing the likelihood of overfitting. As a result, weights
for possibly different training sets become more similar, which means that the model

variance is reduced.

L1 regularization is used most often because it is robust to outliers and it works
as a feature selection technique. The absolute value of w; in Equation (29) ensures that
the weight update is always dampened. The introduction of a penalty to the sum of the
weights means that the model has to distribute its weights optimally — simple features that

account for most of the data variance are reinforced while complex features that only
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correlate to residual variances receive small weights.

The hyperparameters of the neural network (activation function, learning rate,
number of hidden layers, number of neurons in each layer, regularization terms etc.) must
be fine-tuned on a case-by-case basis in order to ensure optimal performance. These
parameters are usually set from previous experience or based on yet another round of

optimizations.

Another important step for obtaining good results with ANNSs is the scaling of the
input data. The data may possess different units and scales, and the numerical methods
involved in the training of ANNs can become unduly dominated by features with broader
ranges of values. Scaling the inputs enables stability and faster convergence during
training and ensures that the synaptic weights are penalized appropriately with
regularization. The most commonly applied methods for real-valued inputs are

normalization, in Equation (33), and standardization, in Equation (34).

, X min(x)
= max(x) — min(x) (33)

_x- mean(x)
T std(x)

!

(34)

Standardization assumes that the observations fit a Gaussian distribution. If this
assumption is not accurate, the metamodel may provide unreliable estimations. On the
other hand, the model becomes more sensitive to outliers when using normalization.
There is no straightforward guidance on which method is more suitable for which cases
and the choice is mostly done based on a pragmatic, best performance approach. These
and other issues should be addressed during the pre-processing of the training data, but

no further guidance is provided in this document.
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4. CASE STUDY
4.1. DEFINITION

The optimization procedure proposed in 3.1 was applied to the mooring system
design problem formalized in 3.2. A case study of a real VLCC-sized spread-moored
FPSO operating in the Pre-Salt area of Santos Basin, in a water depth of 2000 m, was
used to verify the robustness of the methodology and test the quality of the solutions

provided.

With reference to Table 1, it was verified via preliminary analyses of the base
case system that the governing scenario for the design considers the mooring system in
intact conditions under extreme environmental conditions, therefore only this scenario

was evaluated in this study.

The bounds of the design variables, shown in Table 5, were based on previous
experience in similar projects. With regard to Table 3, the specification of chain segments
was maintained as per the base case in this assessment due to its minor impact on the
mooring system efficiency and cost. Fiber ropes are usually specified in terms of MBL
and the bounds here proposed ensure compatibility with the segments of 120 mm studless

chains. See Table 9.

Table 5 — Bounds of the design variables

Design Variable Lower Bound Upper Bound
Number of Legs 3 8
Radius/WD 1.0 1.3
Pre-tension 1200 kN 2500 kN
Length of Bottom Chain 200 m 500 m
Fiber Rope SWL 11800 kN 13150 kN

Table 6 summarizes the main particulars of the floating unit. Tables 7 to 9 detail

the base case mooring system, considering the typical arrangement of Figure 6.
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Table 6 — FPSO main particulars

Length [m] 320.0

Beam [m] 58.0

Draft Full Intermediate Light
Mean Draft [m] 22.5 16.3 13.0
Displacement [t] 348291.0 243135.0 189415.0
VCG [m] 19.1 20.6 21.2
LCG [m] 167.0 168.0 165.5
VCB [m] 11.7 8.4 6.7
Ky [M] 19.7 22.5 26.2
Kyy [M] 76.3 76.8 82.0
Kz [m] 76.8 77.1 82.1
Longitudinal Wind Area [m?] 2842.0 3201.0 3388.0
Transversal Wind Area [m?] 11500.0 13533.0 14587.0
Longitudinal Current Area [m?] 1323.0 964.0 777.0
Transversal Current Area [m?] 7239.0 5206.0 4151.0

Figure 27 — Base case system configuration
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Figure 27 gives a view of the numerical model of the base case system, used in

the time-domain analyses. The FPSO has a nominal heading of 195 deg clockwise with

respect to North. The mooring system is composed of 24 legs, with 6 legs in each of the

4 corners of the unit. The spacing between adjacent legs in each cluster is 2 deg. The bow-

port legs point towards the SE, the stern-port legs point towards the NE, the stern-

starboard legs point towards the NW, and the bow-starboard legs point towards the SW.

The azimuthal spacing between the innermost legs of the western clusters (SB of the

vessel) and eastern clusters (PS of the vessel) are 64 and 96 deg, respectively. The

mooring legs were modelled with finite elements.

Table 7 — Base case system configuration

Cluster No of Legs Radius/WD Pre-Tension [kN] AZ|_muthaI
Spacing [deg]
SE 6 1.24 1590
96
NE 6 1.28 1350
NW 6 1.23 1610
64
SW 6 1.27 1775
Table 8 — Composition of the mooring legs of the base case
Cluster Bottom Chain [m] Fiber Rope [m] Top Chain [m]
SE 280 2720 165
NE 245 2720 165
NW 210 2720 165
SW 280 2720 165
Table 9 — Mechanical properties of the mooring materials
Material Specification Dry Weight [kN/m] MBL [kN] Axial Stiffness [KN]
Top Chain 120 mm R4 2.82 11880 1.16E+6
Fiber Rope 195 mm Polyester 0.26 12250 1.7E+510 2.9E+5 @
Bottom Chain 120 mm R3S 2.82 10800 1.11E+6

(1) depends on the mean tension acting on the mooring leg

40




A total of 32 risers with different mechanical properties (8 production risers, 11
injection risers, 8 service risers and 5 control umbilicals), mostly fanning out to portside,
are connected to the FPSO by means of a support structure appended to the vessel side.
The risers were modelled with the catenary equation as per the base case original study.
Table 10 presents the horizontal forces imposed by the risers on the vessel, considered at

its nominal position and in static condition.

Table 10 — Horizontal forces imposed by the risers system

Fx (to FWD) -340 kN

Fy (to PS) 9900 kN

The maximum loads on the FPSO fairleads must comply with the applicable
safety factor from the design codes over the corroded MBL of the top chain segments, as
per Table 2 and Table 9, yielding in this case 7120 kN. The maximum loads on the
anchoring devices are limited to 6400 kN due to the soil properties of the area. The
maximum allowable FPSO offset is 178 m as per design conditions of the risers system.

Table 11 summarizes the design constraints.

Table 11 — Design constraints

Max Tiop 7120 kN
Max Tanc 6400 kN
Max Offset 178 m
Min Polyester
Clearance to Seabed >0m

Table 12 summarizes the performance of the base case mooring system under the
critical extreme environmental conditions of Santos Basin. Figure 28 presents the FPSO
directional offsets. As can be noticed, the base case system offers a significant margin to
the maximum allowable offset but experiences high dynamic tensions on the western legs,
which in turn can lead to premature fatigue issues in the system. The eastern legs, on the

other hand, experience low dynamic loads and suffer minimal fatigue damage. The
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system could be more balanced, distributing pre-tensions in a different way to obtain

maximum loads distributed more evenly across the clusters, and also making more use of

the offset limits, to reduce fatigue as much as possible.
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Figure 28 — FPSO offsets under extreme conditions
Table 12 — Performance of the base case system under extreme conditions
Min Polyester
Cluster Max Tiop [KN] MaxX Tanchor [KN] Clearance [m] Max Offset [m]
SE 5064 4289 67
NE 4789 4083 55
136
NW 5927 5260 61
SW 6073 5307 102

Table 13 presents the critical environmental conditions identified for the base case

system, which lead the system to the maximum responses given above, after a screening

of 1038 cases (combinations of environmental conditions in 16 directions, with multiple
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Hs-Tp pairs in each, and 3 vessel drafts). These conditions were also used to assess the
candidate solutions during the optimization process. As per Figure 28, the FPSO offsets
are critical in the East-West axis due to the arrangement of the system (axis for which the
mooring provides less restoration, hence experiences larger offsets), therefore these are
the only directions for which the excursions were evaluated for the generation of the
training set of the ANNSs.

Table 13 — Critical load cases

Wind Speed | Current Direction
Output Cluster FPSO Draft Hs [m] Tp [s] [m/s] Speed [m/s] | [goes to]
SE Light 7.0 10.0 33.44 0.66 ENE
NE Light 5.3 8.0 25.14 0.69 E
Tension
NW Full 5.4 10.5 22.84 1.60 wsw
SW Full 4.8 11.5 22.84 1.60 WSsSW
SE Full 6.1 9.0 26.93 1.28 WNW
Polyester NE Full 6.1 9.0 26.93 1.28 WNW
Clearance
to Seabed NW Light 6.6 11.5 32.16 0.59 E
SW Light 6.6 11.5 32.16 0.59 E
E Light 53 11.0 25.14 0.69 E
Offset
w Full 4.8 11.5 22.84 1.38 wWsw

The base case design was not optimized for the specific offshore location in which
it operates. The key design parameters, such as the composition and the distribution of
the mooring legs, were seemingly defined based on conservative initial estimations and/or
operational issues. As per previous argumentation, this lack of optimization can be

explained by the constraints on time and resources typical of real-world projects.

4.2. IMPLEMENTATION OF THE OPTIMIZER

Table 14 presents the hyperparameters defined for the optimization algorithm as
per guidance provided in [21]. The performance of the ¢-DE was verified with test
problems proposed in the specialized literature [22]. These problems include complex

objective functions, with the number of independent variables ranging from 2 to 20, plus
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linear and non-linear, equality and inequality constraints. Details are presented in Table

15. The problems chosen for testing the algorithm tried to cover the scenario for which

the optimizer was developed in this work (many design variables and only a few

inequality constraints).

Table 14 — Hyperparameters of the ¢-DE

Hyperparameter Definition
Population Size 40
No of Generations 1000
Control Generation (tc) 20%
Decay Speed Factor (cp) 5
Scaling Factor (F) 0.7
Crossover Rate (CR) 0.9
Elite Size (N) 3
Initial Violation Level () 20%
Mutation Probability (Pg) 1%
Max Replacements (Ry) 3

Table 15 — Details of the test problems

Test Object_ive Feas!ble Variables Linea}r. Non-liqgar Line_a_r Non-li_n_ear
Problem Function Region Inequalities | Inequalities | Equalities | Equalities
G01 Quadratic 0.0111% 13 9 0 0 0
G02 Non-linear | 99.9971% 20 2 0
GO03 Polynomial | < 0.0001% 10 0 0 0 1
G04 Quadratic | 52.1230% 5 0 6 0 0
G05 Cubic < 0.0001% 4 2 0 0 3
GO06 Cubic 0.0066% 2 0 2 0 0
G11 Quadratic | <0.0001% 2 0 0 0 1
G15 Quadratic | <0.0001% 3 0 0 1 1
G18 Quadratic | <0.0001% 9 0 13 0 0
G23 Linear < 0.0001% 9 0 2 3 1
G24 Linear 79.6556% 2 0 2 0 0
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Table 16 shows the averaged results obtained with 10 runs of the optimizer. The
e-DE always finds or approximates well the minima of the test problems, and the
constraints are always respected in the final solutions. Problems with equality constraints
tend to be more difficult given the resulting restricted feasible regions. G03 and GO05, for
instance, required the maximum NFE in all runs, but the true minima of the function was
not achieved. G02, which has a high number of variables, also required a higher NFE for

convergence.

Table 16 — Performance of the e-DE with standard test problems

e- DE
Test Problem Minimum Fgr?gfgri]\lgc) Vf(ﬁ';ffgi"(‘fp) No E(\,/\la,I:uEa)tions Dif to Min (%)
Go1 -15.00000 -15.00000 0.00000 102400 0.00%
G02 -0.80362 -0.80359 0.00000 500000 0.00%
GO03 -1.00050 -1.00000 0.00000 500000 0.05%
G04 -30665.53867 | -30665.53867 0.00000 65600 0.00%
G05 5126.49671 5127.97007 0.00000 500000 0.03%
GO06 -6961.81388 -6961.81388 0.00000 96800 0.00%
Gl1 0.74990 0.75000 0.00000 54280 0.01%
G15 961.71502 961.71517 0.00000 139400 0.00%
G18 -0.86603 -0.86603 0.00000 91760 0.00%
G23 -400.0551 -399.94432 0.00000 83920 0.03%
G24 -5.50801 -5.50801 0.00000 56760 0.00%

4.3. TRAINING OF THE METAMODEL

To gather the training data required by the ANN, candidate solutions were
randomly generated via a Monte Carlo sampling approach, considering the whole range
defined by the bounds of the design variables. The sample solutions were evaluated by
time-domain simulations of the critical environmental conditions identified for the base
case system. A total of 2000 sample configurations were assessed and their results were
included in the dataset, regardless of whether they fulfilled the design constraints.
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ANNSs were built for each relevant output of the mooring analyses in time-domain.
The hyperparameters of the ANNs were defined via extensive search (grid search) to
identify the net architecture that yields optimal performance. Table 17 presents the best
net configurations found. Only the number of neurons in the hidden layer presents some

variation between the many outputs of the mooring analyses to be approximated.

Table 17 — Hyperparameters of the ANNs

Hyperparameter Definition
Activation Function ReLU

Learning Rate 0.001

Hidden Layers 1

No of Neurons 20-40

For developing the nets, 70% of the database was used training and 30% for
testing. Table 18 shows the Coefficient of Determination obtained after training the
metamodel, evidencing good agreement between predictions and the observed data. With
this, it is demonstrated that the results of the mooring analyses in time-domain can be
approximated reliably by ANNSs during the optimization process.
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Table 18 — Precision measure of the ANNSs

Coefficient of Determination (R?)
Variable
Training Set Test Set
E 0.950 0.938
Max Offset
w 0.957 0.951
SE 0.967 0.961
NE 0.954 0.947
MaX Ttop
NW 0.968 0.960
SW 0.962 0.955
SE 0.961 0.953
Max Tonc NE 0.960 0.955
NW 0.955 0.947
SW 0.964 0.959
SE 0.886 0.882
MaX Leeabed NE 0.921 0.879
NW 0.858 0.832
SW 0.914 0.879

Figures 29 to 32 show the comparison of the real outputs of the dataset to the
estimations of the ANNSs (y and ¥, respectively). Blue dots represent the training set and

orange dots represent the test set.
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Figure 29 — Maximum FPSO offsets
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Figure 30 — Maximum top tension
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The variable Lseaned is limited to zero, since overly tensioned systems can have
mooring legs not touching the seabed permanently. This occurrence is present in the
training set of the ANN and imposes additional difficulties for its convergence. On this

account, the Coefficient of Determination obtained for these results were not as good as

for other results.
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Figure 32 — Maximum length on seabed

44. RESULTS

The best, worst and mean solutions found in 20 runs of the optimization algorithm
are characterized together with the base case solution, in terms of the objective function
(CAPEX in MM USD), in Table 19. The final solutions of these runs are detailed in Table

22. Figure 33 shows the layout of best overall solution found by the optimizer (run 5).
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Figure 33 — Best configuration in 20 runs (run 5)

Table 19 — Comparison of objective functions

Solution CAPEX [MM USD]
Base Case 108
Best 74
Worst 88
Mean 80
Standard Deviation 5

Even the worst solution found provided an interesting cost reduction in the case
study, asseverating the robustness of the ¢-DE. The base case system is provided with 24
legs, therefore the cost reduction attained was of the order of 26% on average and of 32%

for the best overall solution.

The number of function evaluations ranged from 400 to 1800 in the runs,
amounting to 19600 evaluations during the whole experiment. Exact function evaluations
were not used in this case study to further test the quality of the estimations supplied by

the ANN. Since only 2000 samples were used for the ANN training, the advantage of
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being supported by a metamodel during the optimization process is demonstrated, with a
reduction of total computational requirement of the order of 10 times — the figure might

seem low, but that is mostly due to the early-stopping criterion adopted for the e-DE.

Table 20 informs the performance of best solution under extreme environmental
conditions estimated by the ANN and Table 21 contains the results of the final time-
domain analyses, confirming both the quality of the predictions of metamodel and the

best solution compliance to all design constraints expressed in Equations (7) to (10).

Table 20 — Performance of the best solution (metamodel estimation)

Cluster Max Tiop [KN] Max Tanchor [KN] | Min Clearance [m] | Max Offset [m]
SE 4789 3983 19
NE 4984 4083 55
156
NW 4001 3229 66
SW 4767 3745 12
Table 21 — Performance of the best solution (exact evaluation)
Cluster Max Tiop [KN] Max Tanchor [KN] | Min Clearance [m] | Max Offset [m]
SE 4823 4065 7
NE 4313 3430 84
152
NW 5349 4447 54
SW 5225 4324 6

With reference to Table 12, it can be noticed that the optimized system allows
significantly higher FPSO offsets. The maximum loads were distributed more evenly
across the clusters, meaning that the system is more balanced. The number of legs in the
northern clusters, which are exposed to a more benign environment, was reduced by half.
The southern clusters, subject to rougher conditions, were not changed much. The design
tends to a taut-leg system, which makes sense given that it is being sized for extreme
conditions and not fatigue. Still, taking into account that the maximum dynamic loads

experienced by the system were somewhat reduced, fatigue issues may be postponed.

Figure 34 shows the objective function f and constraint violation ¢ of the best
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solution of each generation of 3 example runs of the optimization algorithm with 100
generations (tc = 20). These runs are just used to demonstrate the workings of the
algorithm. As can be seen, constraint violations are improved first, and the objective
function are optimized only after a feasible region inside the search space was found. If a
feasible region is not found before the control generation is achieved (parameter t. of the
algorithm), feasibility is forced even if at great expenses of the objective function, which
is then recovered in later generations. Recalling that the feasibility of the solution is more
important than reduction of costs in the mooring design problem, the observed behavior

of the ¢-DE was expected and justified its choice.
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Figure 34 — Behavior of the £-DE during example optimization runs
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Table 22 — Best solutions found in 20 runs of the e-DE

4 No of Legs Radius/WD Pre-Tension [KN] Bottom Chain Length [m] Polyester CAPEX
SE NE NW | Sw SE NE NW | SW SE NE NW | SW SE NE NW | Sw |SWL [kN] | [MM USD]
1 3 4 5 5 1.05 | 1.27 | 1.27 | 127 | 1673 | 2420 | 1800 | 1414 | 390 | 380 | 360 | 450 12250 75.12
2 4 6 3 5 1.23 | 1.15 | 1.11 | 1.20 | 2082 | 1870 | 2110 | 1303 | 260 | 410 | 490 | 210 12250 78.76
3 6 4 3 5 1.23 | 1.25 | 1.30 | 1.06 | 2131 | 1438 | 2082 | 1631 | 440 | 380 | 380 | 330 12250 79.29
4 6 4 5 5 117 | 119 | 1.10 | 1.14 | 1789 | 2455 | 1639 | 1929 | 320 | 360 | 360 | 480 12250 87.63
5 5 3 3 6 1.04 | 117 | 1.10 | 115 | 1324 | 2314 | 1973 | 1527 | 270 | 360 | 340 | 270 12250 73.75
6 4 4 4 6 131 | 1.26 | 1.24 | 117 | 1314 | 2059 | 1432 | 1789 | 400 | 300 | 410 | 300 12250 79.23
7 3 6 4 5 1.27 | 126 | 1.18 | 1.12 | 2097 | 2322 | 2184 | 1418 | 260 | 230 | 480 | 220 12250 78.51
8 3 3 5 6 1.04 | 1.28 | 1.01 | 1.06 | 1953 | 1682 | 1399 | 2288 | 450 | 250 | 350 | 470 11950 74.16
9 5 3 3 6 1.28 | 1.00 | 1.23 | 1.16 | 1701 | 2482 | 2464 | 1776 | 210 | 240 | 370 | 490 12550 74.46
10| 6 4 4 6 114 | 119 | 1.1 | 126 | 1523 | 1941 | 2028 | 1395 | 290 | 210 | 400 | 330 12250 87.31
1| 6 3 4 6 1.03 | 1.16 | 1.11 | 113 | 1712 | 1829 | 1535 | 2119 | 250 | 280 | 230 | 410 11950 82.29
12| 4 4 5 6 111 | 128 | 1.31 | 1.11 | 1402 | 1323 | 1872 | 1963 | 210 | 440 | 340 | 470 11950 83.58
13| 5 5 3 6 1.26 | 1.23 | 1.31 | 1.01 | 1753 | 2076 | 1821 | 2107 | 390 | 410 | 210 | 390 12850 83.38
14| 6 5 4 5 1.25 | 1.19 | 1.13 | 1.18 | 1920 | 2061 | 1838 | 2443 | 350 | 210 | 240 | 480 12550 87.49
15| 4 5 4 5 1.01 | 1.00 | 1.17 | 111 | 1376 | 2008 | 2221 | 2113 | 420 | 340 | 350 | 330 12250 78.21
16| 5 3 6 5 1.24 | 1.25 | 1.09 | 1.05 | 1534 | 1934 | 1677 | 1972 | 360 | 260 | 210 | 320 12550 82.52
17| 4 5 4 4 1.18 | 1.30 | 1.13 | 1.04 | 1624 | 1984 | 2073 | 2260 | 320 | 220 | 260 | 310 13150 73.88
18| 3 6 6 4 118 | 1.24 | 1.05 | 1.11 | 1758 | 1469 | 2481 | 2348 | 250 | 280 | 350 | 260 12550 82.48
19| 4 6 6 4 123 | 120 | 1.27 | 1.13 | 2408 | 1754 | 2367 | 2273 | 460 | 350 | 390 | 300 13150 88.01
20| 3 3 6 6 1.28 | 1.16 | 1.30 | 1.02 | 2041 | 1483 | 1650 | 2399 | 260 | 290 | 290 | 350 13150 78.53
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5. CONCLUSIONS

In this work, a new approach to the design of FPU spread mooring systems was
presented. The e-Constrained Differential Evolution algorithm was applied to design
optimized mooring systems and a metamodel by Artificial Neural Networks was

employed to evaluate their performances in extreme environmental conditions.

The methodology provided auspicious results in the case study proposed. The
method was able to design feasible solutions with a noticeable cost reduction (26% on
average, 32% for the best overall solution), with virtually no human supervision and in a
time-efficient manner (with a reduction of total computational requirement of the order
of 10 times). Even the worst solution found provided an already interesting cost reduction

in the case study (around 19%), demonstrating the robustness of the method.

The - DE algorithm was devised for much more complex search spaces, therefore
converges easily when applied to the mooring system design problem. In addition, the
gradient-based mutation routine and elitism handle feasibility issues deftly. While human
experience would steer the new design towards solutions similar to what was already done
in the past, the &-DE tries a great number of alternatives, gathering information about the

problem at each generation, to finally yield cost-effective solutions.

The ANNSs provided reliable estimations during the optimization process. Still,
running time-domain analyses of the solution found by the optimizer is a necessary step
to confirm its feasibility. Since the generation of data for the ANNSs can be de-coupled
from the critical path of projects, the method offers many advantages for practical

applications.

As already stated, a significant reduction in costs was obtained in the case study.
However, it must be highlighted that only an incomplete assessment of the mooring
system was performed. Fatigue life estimation needs to be incorporated as a constraint in
the optimization problem if the method is to be used as a design tool.

Future works can also implement routines to identify the critical environmental
conditions specific to each random configuration generated for the training dataset of the
metamodel, in order to render the method more precise. Lastly, coupling the tool to a
subsea layout optimization routine can bring interesting financial results for upstream

projects.
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