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Abstract: Floating offshore wind turbine (FOWT) systems are advancing quickly, but they still need to become
economically viable for large-scale commercial adoption. Design optimization is essential for reaching this
objective by reducing costs while ensuring the best possible system performance and structural integrity. The
present study aims to carry a comparative multi objective optimization (MOO) of a 10MW FOWT
semisubmersible using three different metaheuristic optimizations technics and sophisticated approach for
optimizing a floating concept through the utilization of global limit states. The optimization is performed in
Python, integrating PyYMAPDL and PyMOO for intricate modeling and simulation tasks. The ZJUS10 floating
offshore wind turbine (FOWT) platform, developed by the state key laboratory of wind power at Zhejiang
University, is employed as the basis for this study. Key criteria, such as platform stability, overall structural
mass, and the stress, are pivotal in formulating the objective functions. Based on a preliminary study the three
Metaheuristic Optimization Algorithms chosen for optimization are Particle Swarm Optimization (PSO),
Simulated Annealing (SA), and Ant Colony Optimization (ACO). Then, the solutions are evaluated based on
Pareto dominance, leading to a Pareto front, a curve that represents the best possible trade-offs among the
objectives. Each algorithm’s convergence is meticulously evaluated, leading to the selection of the optimal
design solution. The results evaluated in simulations elucidate the strengths and limitations of each
optimization method, providing valuable insights into their efficacy for complex engineering design
challenges. In the post-processing phase, the performance of the optimized FOWT platforms is thoroughly
compared both among themselves and with the original model, resulting in validation and endorsement.

Keywords: renewable energy; floating offshore wind turbine; metaheuristic; evolutionary
algorithms; particle swarm optimization; ant colony analysis; simulated annealing

1. Introduction

The increasing global demand for renewable energy has led to significant advancements in
offshore wind technology|[1,2]. Floating Offshore Wind Turbines (FOWTs) have emerged as a viable
solution for deep-water installations, where wind speeds are higher and traditional fixed-bottom
turbines are impractical[3]. FOWTs offer several advantages over onshore and nearshore wind
turbines, including reduced noise and increased energy production[4,5]. Among the various floating
platform designs, semisubmersibles are favored in mainland China due to their inherent stability in
deep waters and cost-effectiveness[6]. However, installing FOWTs is more challenging because of the
high construction costs and the need for more advanced offshore wind farm technology[7,8]. The
commercialization and competitiveness of these platforms[9] consider three main factors: cost-
effectiveness, stability in deeper waters, and structural integrity. Optimizing these three parameters
is a complex task that requires balancing multiple objectives. Recent advances in Multi Objective
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Optimization (MOO) have focused on Metaheuristic[10,11] approaches that combine machine
learning techniques that enhance the performance of optimization algorithms[12,13].

Evolutionary Algorithms (EAs) remain the most prevalent techniques in the world of
metaheuristics, especially in the optimization of Floating Offshore Wind Turbines (FOWTs). Jiazhi
Wang et al. (2024) [14] presents a multi-objective optimization framework for the design of a 15 MW
semi-submersible floating offshore wind turbine using an evolutionary algorithm. T.A. Boghdady et
al. (2016) [15] introduces an innovative hybrid evolutionary algorithm, LBBO-DE (Linearized
Biogeography-Based Optimization and Differential Evolution), for maximizing power generation in
wind energy conversion systems (WECS). Furthermore, Hiiseyin Hakli et al. (2019) [16] proposes a
modified differential evolution (MDE) algorithm for solving the wind turbine placement problem.
Serhat Duman et al. (2021) develops the Multi-Objective Adaptive Guided Differential Evolution
(MO-AGDE) algorithm, applied to optimize the multi-objective AC optimal power flow (MO-
ACQPF) for hybrid energy sources, including wind, photovoltaic (PV), and tidal systems. Christos
A. Christodoulou (2020) et al. [17] applies the Harmony Search Method to estimate the optimal
number of wind turbines in a wind farm. Ramazan Ozkan et al. (2023) [18] investigates the
aerodynamic design and optimization of small-scale wind turbine blades using a novel artificial bee
colony algorithm based on blade element momentum (ABC-BEM) theory. Ajay Sharma et al. (2021)
[19] focuses on the design of controller parameters for a wind turbine emulator using an artificial bee
colony algorithm. Besides, Oussama Maroufi et al. (2020) [20] introduces a hybrid fractional fuzzy PID
controller for Maximum Power Point Tracking (MPPT) and pitch control of wind turbines. In terms
of real-time optimization, Su, Yongxin. et al. (2017) .[21] tackled the challenge of balancing power
production and fatigue loads in wind turbines by developing a method that handles real-time
optimization. Charhouni et al. (2019) [22] took a different angle, focusing on reducing the Levelized
Cost of Energy (LCOE) in wind farms.

While this study focuses on metaheuristic technics, it specifically delves into Ant Colony
Optimization (ACO), Particle Swarm Optimization (PSO), and Simulated Annealing (SA), all of
which do not belong to the Evolutionary Algorithms (EAs) family. In this hand Kyoungboo Yang
(2019)[23] proposed a novel layout optimization method for wind farms using the Simulated
Annealing (SA) algorithm.. Similarly, A. Mu (2022) [24] focused on floating wind turbines and
introduced an optimal model reference adaptive control (MRAC) approach, optimized with
Simulated Annealing. Peng Chen (2021) [25]applied the Simulated Annealing algorithm to predict
the dynamic response of floating offshore wind turbines (FOWTs). On a similar note, Yongman Park
(2015)[26] focused on optimizing the hull form of semi-submersible Floating Production Units
(FPUs). Ruilin Chen (2024)[27] developed an improved SA algorithm to optimize the electrical
collector systems in large offshore wind farms.

Additionally, Xiaogiang Wen (2020) brought together Ant Colony Optimization (ACO) with the
Extreme Learning Machine (ELM) to model and evaluate wind turbine performance. Similarly,
Mahmudur Rahman (2019) [28] used Ant Colony Optimization (ACO) to model and control wind
turbine tower vibrations. Xiaogiang Wen (2020)[29] combined ACO with the Extreme Learning
Machine (ELM) to further improve wind turbine performance prediction. Yunus Eroglu (2019) [30]
took a fresh approach to fault detection in wind turbines by using an artificial neural network (ANN)
trained with a novel ACO-based algorithm, Antrain ANN. Similarly, Xin Zhao (2023) [31] explored
the optimal sizing of hybrid energy storage for wind power systems using ACO.

Further, Gu, B et al. (2021) [32]developed an efficient method for maximizing power output in
small- and medium-scale wind farms using Particle Swarm Optimization (PSO). Tang et al. (2022)
[33]introduced a hybrid optimization method to lower the Levelized Cost of Energy (LCOE) in wind
farms. In a similar vein, Song et al. (2023)[34] combined PSO with the Arithmetic Optimization
Algorithm (AO) to minimize construction and power loss costs. Yong Ma et al. (2019) [35] explored
how PSO, combined with the FAST program, could optimize offshore wind turbine blade design.
Jianping Zhang (2022) [36] applied an improved PSO algorithm alongside a Back Propagation Neural
Network (BPNN) to assess offshore wind resources in China.
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This paper explores a multi-objective optimization of a 10MW semisubmersible aiming to reach
a better stability of the FOWT system, a reduced mass and optimal structural integrity. Starting with
a detailed look at the ZJUSI10 floating platform which covers essential topics like hydrodynamics,
aerodynamics, mooring dynamics, and the coupled dynamic analysis method. In Section 2, the
optimization problem is clearly defined, and the paper discusses the chosen optimization approach,
optimizer, and the specific settings and processes involved. Section 3 focuses on how the results are
selected and analyzed in depth.

2. ZJUS10 Platform Optimization Methodology
2.1. ZJUS10 FOWT System

2.1.1. ZJUS10 Floating Platform

The Floating Offshore Wind Turbine (FOWT) typically comprises the wind turbine, the floating
platform, and the mooring system. In this paper, the whole FOWT is regarded as a rigid body.
According to Newton’s second law, its dynamic equations of motions in the time domain is as
follows:

Mq — Faero 4 F/iydro + Fmoor 4 Fgravity (1)
where M represents the inertia of the whole system.

This study established that the primary stability requirements of the FOWT system include
maintaining a maximum pitch angle of less than 10°. Additionally, the area enclosed by the system’s
restoring moment curve up to the immersion angle must be at least 130% of that enclosed by the
tilting moment curve. Concerning the motion response criteria, the acceleration at the top of the tower
should not exceed 1.5 m/s2. Moreover, the period of oscillatory motion should ideally fall outside the
wave period range of the selected maritime area. The 10 MW FOWT semi-submersible investigated
in this work (Figure 1), named ZJUS10[37,38], which employs the DTUIOMW wind turbine
designed by the Technical University of Denmark, with a rated wind speed of 11.4 m/s. The tower
stands at 103 meters and has a natural frequency exceeding 0.5 Hz, categorizing it as a rigid body.
The ZJUS10 semi-submersible platform was developed by our research team of Zhejiang University,
featuring a compact and straightforward design that uses concrete and water for ballast[38,39]. The
Y-shaped pontoons are crucial for ensuring buoyancy and stability. A Cartesian coordinate system
featuring XYZ axes, which are customarily employed in similar applications was employed situating
the origin at (0, 0, 0), positioned at the mean free surface at the midpoint of the mid-column. Within
this framework, the Z-axis extends vertically upward, while the X-axis is oriented in the direction of
wave incidence. The origin remains consistently anchored at the center of gravity (COG) and adapts
in accordance with any transitions or rotations of the floating body. The design also provides uniform
has a draft of 22 meters and a freeboard of 16 meters, with a submerged volume of 257,900 cubic
meters, including the pontoons, cones, and 4 meters of the cylinder height. The Y-shaped pontoons
are essential for buoyancy and stability, while the column size influences the platform’s response to
wave loading and its ability to support the wind turbine. The mooring system is symmetrically
configured with three catenary lines to constrain the platform’s movement in six degrees of freedom.
The ZJUS10 is intended for operation at a water depth of 130 meters.
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Figure 1. ZJUS10 platform and coordinates system.

Table 1. Dimensions of the ZJUS10 platform.

Parameter Value
Draft 22
Airgap 12
H_c2_up 16
H_c2_mid 12
H_c2_down 6
D_cl_up 14
D _cl_mid 16
D_cl_down 16
ac 69
Width, d 10
Rod diameter, r 3

2.1.2. 10 MW Wind Turbine

Aerodynamic loads on blades are calculated based on the blade element momentum (BEM)
theory[40], where blades are divided into many small elements that act as two-dimensional airfoils.
For each blade element, the generated axial forces can be expressed as:

1
dT = Epairvz(C‘L cos @ + Cp sing)cdr 2)
Which pg;, represents the air density, C;, and C, represents the lift coefficient and the drag

coefficient respectively, ¢ represents the inflow angle, c represents the blade element chord, Vre
represents the relative incoming flow velocity between the air and the blade element cross-section,
and can be expressed as:

V= vo\/(l —a)?+ [g—: 1+ a))? (3)

v, represents the incoming wind speed, Q1 represents the rotation speed of the rotor, a and a’
represents the axial induction factor and tangential induction factor respectively. Besides, several
nonlinear unsteady aerodynamic effects of tip losses, hub losses, dynamic inflow and skewed wake
are considered based on related empirical correction methods.
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Figure 2. The aerodynamic loads of a blade element.

Shown in Table 2, the rotor diameter of such a turbine typically ranges from 170 to 220 meters.
The blades, which can exceed 90 meters in length, are meticulously crafted to maximize wind energy
capture. The expansive rotor diameter allows the turbine to sweep a larger area, thereby enhancing
the energy harvested from the wind. The hub height of a 10MW wind turbine generally stands
between 100 to 150 meters above ground level. The cut-in wind speed, the minimum speed at which
the turbine begins generating power, is typically around 3 to 4 meters per second (m/s). Conversely,
the cut-out wind speed, the maximum speed at which the turbine can safely operate, usually lies
between 25 to 30 m/s. The rated wind speed, at which the turbine achieves its maximum power output
of 10MW, typically falls within the range of 12 to 14 m/s.

Table 2. Coordinates of the 10MW wind turbine.

Parameter Value

Rated power 10 MW

Rated wind speed 11.4 m/s

Rated rotation speed 9.6 RPM

Rated blade tip speed 90 m/s

Rotor, hub diameter 1783 m, 5.6m
Hub height 119 m

Shaft tilt, pre-cone 5°,2.5°

The numerical model of the 10 MW FOWT was constructed in FAST software shown in Figure
3, and the time domain simulation analysis was carried out at the designed steady conditions with
the uniform wind speed of 11.4 m/s speed and regular wave height of 2.5 m height and 10 s period.
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Figure 3. ZJS10 Fowt system Aerodynamics analysis.

2.1.3. Catenary Mooring System

The mooring system employed in this study successfully maintained the ZJUS10 at a height of
326 meters and with a rope strength of 305 meters. It operates by leveraging the inherent weight and
length of the mooring lines to provide stability and ensure the platform remains anchored in its
designated position.

Table 3. Coordinates of the used catenary mooring system.

Parameter Value
Equivalent mass (in air) 375 kg/m
Equivalent mass (in water) 3200 N/m
Extensional stiffness (EA) 1.51e9N
Added mass coefficient 0.8
Damping coefficient 2.0
Catenary diameter 0.137m
Pretension 1.67e6 N

[lustrated in Figure 4, the catenary curve of the lines imparts stability through both horizontal
and vertical components of tension. The weight of the mooring lines exerts a downward force, while
their length and tension generate horizontal forces[41]. The horizontal restoring force counteracts the
lateral displacement of the floating platform induced by wind, waves, and currents, whereas the
vertical forces arise from the combined effects of the mooring line’s weight and the buoyancy of the
floating structure. The catenary mooring system applied on the ZJUS10 was analyzed in AQWA as
shown in Figure 5 considering quasi static and Coupled dynamics. Considering the mooring line
weight, seabed friction, and nonlinear restoring forces of the catenaries, the mooring line tensions can
be calculated by the quasi-static equilibrium and dynamic method [42] and expressed as:

Fmoor — Fmoor,O _ Kmoorq (4)
where represents the pretensions of the mooring system in its undisplaced position. K™?°" represents
the linearized restoring matrix of the mooring system and is the combined result of the elastic stiffness and the
effective geometric stiffness brought by the weight of the mooring lines in water.

Fmoor,O


https://doi.org/10.20944/preprints202410.2256.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 October 2024 d0i:10.20944/preprints202410.2256.v1

Figure 4. ZJUS10 catenary mooring system.
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Figure 5. Mooring loads analysis from AQWA.
2.2. ZJUS10 System Analysis in Ansys

2.2.1. Coupled Dynamic Analysis

The principal objective of the ZJUS10 analysis in AQWA is to assess stability. Initially,
hydrostatic tilting was evaluated, with specific focus on the pitch and roll angles, which were
computed using the restoring matrix. The hydrostatic stiffness matrix delineates the restoring forces
and moments exerted on the ZJUS10 as a result of displacements in heave, roll, pitch, and other
degrees of freedom.

0 0 0 0 0 o] ©
0 0 0 0 0 0
00 PgAy 0 —pg f[, zdA 0
0 0 0 g [[4, v*dA + pgVozcon 0 0
0 0 —pg ffAu xdA 0 g fon z?dA + pgVyzco 0
0 0 0 0 0 0
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The equations of motion for pitch and roll are derived from the restoring moments and can be

expressed as:

d%6 (10) 426 (11
144F t Cos0 = My, Iss a4z + C556 = Mss

I5s is the moment of inertia about the pitch axis. Css the hydrostatic stiffness coefficient for pitch. Cyy
the hydrostatic stiffness coefficient for roll. Mss is the external moment applied to the structure.

The hydrodynamic analysis in AQWA adopts a Fully Coupled analysis approach, integrating
interactions among the wind turbine, the floating platform, and mooring system.

The simulation was divided into three case studies: the first case study focuses on hydrodynamic
diffraction analysis, where the wave environment is defined by several intermediate wave directions,
with eight specific directions spaced at 45-degree intervals, as depicted in the Figure 6a. For the
results Figure 6c,d it was only considered beam seas waves (90degree) instead of head seas (0 degree).
The goal was also the evaluate the roll inclination as head sea waves will be the main consideration
in hydrodynamic response. The wave heights reached up to 3 meters and periods varied between 0
and 15 seconds, although typical wave periods in the East and South China Sea are generally between
0 and 20 seconds. The wave excitation forces on the structure are calculated by AQWA, they entail
determining the potential flow around the semi-submersible and analyzing wave scattering and
diffraction effects.

In the second case study, the analysis extends to hydrodynamic response under regular waves
Figure 6b, utilizing a time step of 0.1 seconds over a total duration of 100 seconds. A regular wave
height of 3 meters was considered, and the mooring system was modeled with a catenary load Figure
5, characterized by a stiffness (EA) of 1,506,000 kN and a maximum anticipated tension of 5,000 kN.
Wind force of 1.615e6 max amplitude previous calculated on FAST. Figure 3 were and incorporated
into the evaluation of the maximum pitch inclination angle.

For the third case study Figure 6b the setup was modified to include an Irregular Wave Spectrum
based on the JONSWAP spectrum, while maintaining the same conditions. This setup featured a
wave direction of 0 degrees, a peak period of 10 seconds, a spectral index of y =2.3, and a wave height
of 3 meters.

The results, as depicted in the Figure 6c-h, analyzed in hydrodynamic diffraction the Response
Amplitude Operator RAO, which quantifies the relationship between wave amplitude (input) and
the structure’s response amplitude (output). As the wave angle increases, the pitch angle also rises,
with rotations Ry and Rx showing slightly larger pitch and roll displacements compared to Rz. The
pitch, roll, and yaw are synchronized with the wave action, causing the platform to move in harmony
with the waves. In hydrodynamic response under a variety of wave conditions, the system is
inclination more stable under regular wave conditions than irregular ones. The maximum pitch
displacement was calculated through iterative step response and actual equilibrium position
response while accounting for the aerodynamic loads of the floating wind turbine, resulted in an
estimated pitch rotation of 5.6 degrees. The roll and yaw displacements are relatively smaller.
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(a) AQWA Hydrodynamic Diffraction (b) AQWA Hydrodynamic Response
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Figure 6. Hydrodynamic diffraction and response AQWA.

2.2.2. Structural Integrity Analysis

Then ANSYS Static Structural is used to evaluate the stress of the platform under the
hydrodynamic loads calculated from AQWA imported as boundary conditions. The results post-
processed to evaluate maximum stresses, identify the pontons as critical high stress points with a
maximum von-mises stress reaching up to 2.2e8, as illustrated in Figure 7. The reason of the high
stress is the hydrodynamic analysis in AQWA might be conducted for extreme sea states, leading to
higher-than-usual loads. The increased stress observed on the pontoons after importing
hydrodynamic pressure data from AQWA is primarily due to the complex interaction between
hydrodynamic loads, structural responses, and potential modeling differences.

Figure 7. ZJUS10 Stress analysis.

2.2.3. ZJUSI0 Sensitivity Analysis

The sensitivity analysis performed in Python, using relative sensitivity based on finite difference
method to adjust for the scale of X and Y [43,44] demonstrated that the pontoons and the wide have
a substantial impact on the structure. Sensitivity analysis is an essential technique for obtaining
deeper insights into model dynamics. As depicted in Figure 8, the mass and pitch of the
semisubmersible are primarily influenced by the pontoons and conical towers. However, the columns
play a pivotal role in affecting stress distribution. The findings from this sensitivity analysis provide
crucial information that can be leveraged in the development of optimization algorithms.

CAY Y (X +AX) - Y(X) (12)
ETAX, AXi

Where AXi is a small change in the input X; and AY is the corresponding change in the output.
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Figure 8. Sensitivity Analysis of Z]JUS10.

2.3. Problem Definition Optimization Objectives

Along with the simulation done in AQWA to evaluate the stability of the platform, an
experiment was done in (Zhejiang Province of China) after testing manufacturing and testing, Figure
9. In this experiment, a geometric Froude scaling[45] factor of 1:50 is employed, resulting in a
correspondingly scaled platform structure. Concrete is pre-installed internally as fixed ballast, while
cross-shaped metal structures are utilized to mitigate the movement of ballast water. The tower,
standing at a height of 2.07 meters, is securely bolted to the central pontoon. Instead of the rotor, an
actuation system is implemented, comprising fans, aluminum alloy cantilevers, motors, and
controllers. The wave basin spans 70 meters in length, 40 meters in width, and has a depth of 1.5
meters, with a maximum operational water depth of 1 meter. The wave period varies between 0.3
and 5.0 seconds, and the wave height ranges from 0.03 to 0.3 meters. However, during pool trials,
it was observed that the semi-submersible platform exhibited unexpected pitch instability. The
platform’s tilt along its horizontal axis, became more pronounced than anticipated, leading to
concerns about the platform’s overall stability.

(T3

Figure 9. Manufactured platform and experiment setup.

The weight of floating offshore wind turbine (FOWT) semi-submersibles is a critical factor
influencing their performance, cost, and overall feasibility. However, the ZJUS10 platform has a mass
(including structure and ballast) of 24,052,000 kg, which even exceeds that of the DTU10. Reducing
the weight of semi-submersible FOWTs has significant implications for the levelized cost of energy
(LCOE), a key metric in assessing the economic viability of wind energy projects. Moreover,
managing stress is crucial to ensuring the long-term structural integrity of a semi-submersible
platform. A stress level of 2.25e8 Pa approaches the maximum yield stress of the high strength steel,
highlighting the platform’s vulnerability. Thus, the three primary challenges facing our current
platform are excessive mass, stability concerns, and structural integrity. The triple objective function
is defined as F(fi, f>, f3):

P9 ﬂ,i:xsz + pgVoZcon (13)

=1.5
fi e 9

fo = X m; (where m; is the mass of every section of the ZJUS10) (14)


https://doi.org/10.20944/preprints202410.2256.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 October 2024 d0i:10.20944/preprints202410.2256.v1

12

f3 = mapdl.post_processing.nodal_equ_stress() (15)
where firepresents the stability criteria, f, the mass, and f; the structural integrity.

The parameters chosen for optimization, as shown in Table 4, were selected based on a
sensitivity analysis of the ZJUS10 model, established engineering practices for numerical calculations,
and industry standards. Both the design variables and the global limit state criteria are restricted by
specific bounds. These limits were defined through sensitivity analysis and previous simulations and

Si,ﬁ=1+£

(with B <A); > a ) The setup of these constraints is primarily influenced by the goal of reaching a

experiments with the ZJUS10 model, taking into account key factors: A =§ , A=

wider stochastic search, the significance of the parameters and the necessity of preserving the
structural integrity of the model’s shape.

Table 4. ZJUS10 Parameters to optimize.

Parameters to Initial Bound Constraints
optimize Values
X7 =ac 69 a; < x1 < byyagelaxy, Bxg]; by e [Bxy, Axq]
x, =D_cl_up 9.1 a; <% < by ap€e [ax;, Px;]; by € [Bxy, Axi]
x3 =D_cl_mid 16 as; < x3 < bs; aze [ax;, Bx;]; bs e [Bx;, Ax;]
x; =D_cl_down 19.3 ay; < X4 < by ayelax;, Bx;l; bse [Bx;, Ax;]

x; = D_b1l_down 10 as
xs =H_cl_up 16 ag
x; =H_cl_mid 12 a;

xg = H_cl_down 6 ag

bs;as € [ax;, Px;]; bse€ [Bxi, Axi]

bs; as € [ax;, Px;]; bs €[Bxs, Axs]
I by e [Bx7, Ax;]

bs; ag € [axs, Pxs]; bs € [Bxs, Axg]
I; by € [Bxg, Axo]

N

bs;a; € [ax;, Px;

~

N N N NN NN NN
2R R R R

o S
N N N NN NN NN

©

x9 =D_bl_up 3 ag by; ag € [axy, Pxg

2.4. Optimization Methodology and Optimizers

The optimization process for the ZJUS10 floating platform involves three main tasks. First,
Python is used to integrate numerical values and the Finite Element Analysis (FEA) model in
PyMapdl with metaheuristic optimization algorithms from the Pymoo library. Python computes the
mass and pitch angle based on coordinates and floating offshore wind turbine dynamics, while
PyMapdl calculates mechanical stress. The Pymoo library is used to run optimization algorithms like
PSO, ACO, and SA to analyze convergence behavior. The second task involves hydrodynamic
analyses in AQWA. The third task includes experimental validation in a laboratory to verify
platform stability. The results for mass, pitch angle, and stress after optimization are compared to the
original platform’s metrics.
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Figure 10. Optimization Methodology.

This work explored the strength of the ZJUS10 by computing is stress using the command
mapdl.stress. The primary reason for utilizing PyAnsys in our work is to import the stress data of the
ZJUSI0 into our optimization solver. By integrating PyMapdl with others python libraries for
optimization, we harnessed the power of MAPDL simulations within the optimization framework,
allowing for the automatic exploration of design spaces and the identification of optimal solutions.
After the 3D plot of the ZJUS10 the mass in is computed based on the material properties, volume,
and density of the elements within the model. The command mass = mapdl.get(par =
“mass_value”, entity = “ELEM”,item1 = “MTOT”, itlnum = “X”) was then used for quick calculation
of the mass. Then right after getting the mass of the ZJUS10, the hydrostatic picth is calculated based
on the structure mass and the hydrostatic stiffness coefficient C55 which is derived from the stiffness
matrix.

MARDL Ated Flok MAPDL Element Plot

Figure 11. Z]JUS10 stress FEA and stress computation in PyMapdl.

As mention above, PyMoo was chosen as the primary solver due to its capability to integrate
seamlessly with other Python libraries such as PyMapdl, NumPy, and SciPy. This Pymoo code which
can encompass NSGA-II, SA, MOEA/D, PSO, ACO was developed based on reference codes from the
School of Mechatronics at Zhejiang University and additional resources from GitHub. The ZJUS10
optimization process leverages the minimize function from PyMoo, invoked as “from pymoo.optimize
import minimize,” with the objective of achieving minimization for each of the objective functions[46].
The objective function incorporated terms for f1, f2, and f3 with constraints to guarantee feasible
designs. The chosen optimizers for this work are PSO, ACO, SA.

The first, PSO algorithm code was the initial implementation using the Pymoo open-source
framework[47]. Inspired by the social behavior of bird flocks, the algorithm optimizes a problem by
iteratively improving candidate solutions based on their own experience and that of their
neighbors[48,49]. Each particle adjusts its velocity and position according to specific equations (18,19)
and a flow chart (Figure12).

x(t+1) =x0)+v(t+1) (16)
where x;(t) is the position of particle i at time t and v;(t+1) the updated velocity of particle i.
vi(t+ 1) = wv;(t) + e (P (D) — %) + ¢272(9: () — % (1)) a7
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where v;(t): Velocity of particle iii at time t, w: Inertia weight. c1, c2: Cognitive and social acceleration
coefficients, respectively. rl , r2: Random numbers uniformly distributed in [0,1]. then p;(t): Best
known position of particle i (personal best) and g;(t): global best.

Simulated Annealing (SA) draws inspiration from the annealing process in metallurgy, Figure
12, where controlled cooling of a material reduces defects[50,51]. The algorithm explores the solution
space by accepting or rejecting new solutions based on a probability that decreases with temperature
over time. The temperature T governs the likelihood of accepting worse solutions as the algorithm

advances.
3 1, ifAE<0 (18)
PAET) = {e—AE/T, AE >0
T, =T,.a* and AE = f(x') — f(x) (19, 20)

Where To represents the initial temperature, o is the cooling rate (0 < a < 1), k is the current iteration
and AE change in energy.

The semi-submersible parameters in ACO are constructed based on pheromone levels and
heuristic information. The key idea in ACO is the use of pheromone trails, which guide the search
process based on the experiences of previous iterations[52,53], illustrated in the following equations
and flow chart in Figure 12. The probability of an ant choosing a path is influenced by the intensity
of the pheromone trail and the heuristic desirability of the path. In this study we updated the
pheromone levels based on the quality of the solutions found by the ants. Then Combine the
components into the main loop of the ACO algorithm. The evaporation reduces the pheromone
levels to avoid premature convergence.

Q . . Q1)

Ak (t) = {Lk if ant k travels on edge (i, })
0 Otherwise

Where Q is the Constant representing the total amount of pheromone deposited and L, the Length

of the path traveled by ant.

= (22)
At (t) = » AtE(b)
Tij (t + 1) = (1 - p) . Tij (t) + ATi]' (t) (23)

Where m is the Number of ants, At;;(t) the Pheromone deposited by ant k on edge (i,j) Tj;(t) the
Pheromone level on edge (i,j) at time t. ¢ the Pheromone evaporation rate (0 <o <1). At;;(t) the
Amount of pheromone deposited on edge (i,j) by ants.

[Tij 1% . [n;;1° (24)
Yien, [T [y 18

Where Pi’j- (t): Probability that ant k will move from node iii to node j at time t. a the Parameter to

PE(t) =

control the influence of pheromone. 3 the Parameter to control the influence of heuristic information
1, the Heuristic information. N; the Set of neighbors of node i.
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Figure 12. flow charts of PSO(a), SA(b), ACO(c) [53,54].

3. Results and Discussion

The Pymoo-based PSO optimization code included 1,000 particles and a total of 700 iterations.
The inertia weight (w) was set to 0.5, with the cognitive and social coefficients chosen as c1=1 and
c2=2. Then SA began with an initial solution x;with parameters and an initial temperature To =
1000. The number of iterations also set at 700, involved repeating the following steps until the system
had sufficiently “cooled.” The cooling rate, or alpha, was set at 0.5. The algorithm terminates when
the temperature reaches a sufficiently low level, after a fixed number of iterations. About ACO, the
number of ants was chosen as 1000. Then the number of iterations 700 as the others. Besides
evaporation rate g 0.5 then the importance of pheromone a 1.0 and the importance of heuristic 3 2.0.
The data were meticulously selected according to the ACO methodology described earlier,
incorporating the essential computational formulas central to ACO: pheromone updating and the
probabilistic determination of the next node.

Throughout the iterations, PSO tends to have faster convergence and continuously tracks the
best solution found by any particle (global best) as well as the best solution found by each individual
particle (personal best). The particles are continuously pulled toward the best-known positions, both
personal and global. Once particles find promising areas of the solution space, they rapidly refine
their positions, leading to faster optimization in many cases and reaching the optimal result after 12h
and only required 87 iterations.

The initial high temperature in SA (T0) was crucial and influenced the algorithm’s exploration
of the solution space. Its high value allows the algorithm to accept worse solutions like higher energy
states, with a greater probability, thereby facilitating exploration and preventing the algorithm from
getting trapped in local optima. Each iteration evaluated one new solution at a time against the
current solution: As the temperature decreases, the probability of accepting worse solutions also
decreased. The best result was found at iteration 286t Iteration with 26h of running time and is the
outcome of the best solution found during the entire annealing process.

ACO algorithm stored the best solution at each iteration when it improves upon the previous
best. It was noticed that the ACO code took take longer to converge. It's no doubt due to the fact it
often requires several iterations for pheromones to accumulate and guide ants toward the best
regions of the solution space. In addition, the convergence speed was also influenced by factors like
the evaporation rate, which controls how quickly pheromone trails decay. The best solution was
found 42h after starting at a later iteration: 431" and remains the best through subsequent iterations.

The optimized parameters results provided by the three algorithms were illustrated in Table 5.
Besides the minimized objectives functions minimal values were highlighted in Table 6. The 3D
pareto plots Figure 13 revealed a cloud of solutions with various trade-offs, helping to illustrate the
complex interdependencies between objectives. The solutions at the corners typically indicate
extreme trade-offs where one or more objectives are being maximized or minimized to their fullest
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extent. The solution considered f1 for selection and decision making as it’s the most critical objective
in order to provide a good balance of smaller pitch, and mass while also being relatively low in stress
distribution. The mass is also sensitive, but its effects are less immediate compared to those of the
pitch angle. The pitch angle of the ZJUS10 system is more sensitive because it directly affects the
system structural loading. Shown in Table 6 and Figure 14, the SAX is the widest platform among
the three, followed by PSOX, which has a more compact triangular configuration footprint is more
compact compared to ZJUS10, though it remains wider than ACOX. This wide configuration
provides significant stability by distributing the platform’s weight and buoyancy over a large area.

e Pareto Front

e Pareto Front
% Global Best

® X Global Best

les

F3

e Pareto Front
X Global Best

3.5 10000
4.0

(ACO)

Figure 13. 3D Pareto Fronts generated of PSO, SA and ACO.

Table 5. Optimized Coordinates.

Parameters PSOX SAX ACOX
ac 71.2 74.7 70.4
D_cl_up 9.1 22 11.8
D_cl_mid 16 17 17.9
D _cl1_down 19.3 25 19.9
D_bl_down 9.6 8 113

H cl _up 11.2 6 17.1
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H_cl_mid 25.2 14 15.9
H_cl_down 5.4 2 5.4
D_bl_up 2.9 3 3.2

Table 6. Triple Optimal Values.

Objectives ZJUs10 PSOX SAX ACOX

Mass + ballast 2.4e7 2.11e7 1.92e7 1.94e7
Pitch (static, dynamic) 3.9,5.6 3.3,3.1 24,47 19,23
Max Stress 2.2e8 1.91e8 1.99¢8 1.87e8

""" MAPDL Area Plot
MAPDL Area Plot MAPDL Area Plot

(PSOX) (SAX) (ACOX)

Figure 14. Optimized models built on PyYMAPDL.

3.1. Mass Analysis

By incorporating various constraints and applying the ZJUS10 mass calculation formula, the
results of the optimization indicate that the most streamlined platform achieves a total weight of
19,251,984.52 kg. This reflects a significant reduction of 19.79% from the original mass of the ZJUS10,
evidencing a highly successful optimization outcome. Both ACOX and SAX configurations
demonstrate a lowered center of mass, with vertical displacements of Az -4m and -3m from the
original, respectively. This is achieved by strategically concentrating mass in the lower sections of
their structures, thereby markedly enhancing stability and reducing the platform’s susceptibility to
tilting under wind and wave forces. Furthermore, the buoyant columns generate a righting moment
that further fortifies stability. The ACO’s center of buoyancy is meticulously positioned to maximize
stability through an extended righting arm. The ACOX configuration strikes an astute balance
between the necessary displacement for stability and the flexibility required for diverse operational
conditions, while maintaining a substantial submerged volume, thereby increasing the displaced
volume.
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Figure 15. mass evaluation.

3.2. Stress Analysis

PyMAPDL was utilized to evaluate the comparative stress distribution across different platform
designs. The maximum stress remained concentrated on the pontoons, particularly at the connection
points, which are subjected to the highest stress levels, Figure 16. Although the reduction in
maximum stress was not huge, it still decreased to less than the original value. Notably, the stress
concentration regions expanded significantly around the longitudinal pontoon in all three models.
The SAX model exhibited higher stress levels compared to the PSOX and ACOX models, though it
still represents 93.1% of the original ZJUS10 stress. This is largely due to the SAX model’s lower center
of gravity and increased submerged volume. Conversely, the PSOX model experienced stress levels
at 91.8% of the original, which, while lower, remained higher than those in the ACOX model which
stands at 87.3%. Additionally, elevated stress concentrations were observed at critical points,
including the junction between the center column and the upper horizontal brace, as well as the
connection between the outer column and the diagonal brace. The structural integrity of the frame at
the base of the outer column is vital for maintaining strength, and wave loads further exacerbate
stress levels near the tower base.
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Figure 16. Von Mises Stress results from PyMapdl.

3.3. Hydrodynamic Analysis

Hydrodynamic diffraction analysis reveals that SAX exhibits a slightly higher RAO-based displacement
compared to PSOX and ACOX, yet its maximum rotational motions are significantly Higher. The optimized
models demonstrate out-of-phase degrees of freedom, potentially reducing the overall tilt of the platform and
thereby enhancing stability. The pitch time history calculations under operational conditions indicate that the
maximum inclination angles for PSOX, SAX, and ACOX under dynamic loads, as evaluated in AQWA, are
considerably smaller than those of the original model. The ACOX model achieves the most optimal
hydrodynamic pitch angle at 2.3 degrees, as shown below. PSOX’s deep draft and ballast confer exceptional
stability, particularly in pitch and yaw. Meanwhile, SAX enhances stability through its distributed buoyancy
and structural rigidity. ACOX’s design, featuring higher heave plates, a low center of gravity, and a broad
footprint, also offers superior stability. The current stability results suggest that a smaller hydrostatic pitch angle
corresponds to a smaller hydrodynamic pitch angle, thereby affirming the initial hypothesis. A reduced
hydrostatic pitch angle indicates a design with a lower center of gravity or improved weight distribution, which
enhances the platform’s natural frequency and damping characteristics.
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Figure 17. Stability Analysis.

6. Conclusion

In this paper, a multi optimization approach is presented and applied to the ZJUS10 semi-
submersible FOWT system to reduce mass, inclination and ensure better structural integrity. Starting
with the reference system and its implementation for being simulated in FAST, AQWA and
PyMAPDL. Processing these for the formal description of the optimization problem. Then proceeded
a substantiated selection and specification of the optimization variables and global limit states and
the integration of three metaheuristic algorithms (PSO, SA, ACO) to the PyMoo framework for
automated simulation and optimization. Finishing off with the final selection approach of the
optimum and its evaluation, then a comparison with the initial model, and validation of results using
PyMAPDL and AQWA. PSO demonstrated rapid convergence, often reaching near-optimal solutions
within fewer iterations compared to SA and ACO. ACO was the most robust algorithm, consistently
yielding good solutions in repeated trials. It also showed better performance in exploring complex
regions of the search space, potentially finding higher-quality solutions over more extended
iterations. The ACO optimization achieved a best optimum reduction of 19.8% in weight, 40.1% in
pitching, 12.7% in stress compared to the original model, thereby providing significant support for
LOCE, AEP, and other engineering applications. The optimization concept presented in this paper
surpasses the limitations of its current application, providing a versatile approach for optimizing
engineering structures and demonstrating promising avenues for future development. These results
and the presented methodologies serve as basis for further in depth and more sophisticated
application of the design optimization approach, including local criteria, integrity checks, fatigue
analyses, as well as reliability aspects.
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