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Abstract

Digital twins (DTs) offer significant promise for condition-based maintenance of floating
offshore wind turbines (FOWTs); however, existing solutions typically compromise either
on physical rigor or real-time computational performance. This paper presents a real-time
DT framework that resolves this trade-off by embedding a hydro-elastic reduced-order
model (ROM) that accurately captures structural dynamics and fluid—structure interaction.
Integrated in a cloud-ready Internet of Things architecture, the ROM reconstructs full-field
displacements, von Mises stresses, and fatigue metrics with near real-time responsiveness.
Validation on the 5 MW OC4-DeepCWind semi-submersible platform shows that the ROM
reproduces finite-element (FEM) displacements and stresses with relative errors below 1%.
A three-hour load case is solved in 0.69 min for displacements and 3.81 min for stresses on a
consumer-grade NVIDIA RTX 4070 Ti GPU—over two orders of magnitude faster than the
full FEM model—while one million fatigue stress histories (1000 hotspots x 1000 operating
scenarios) are processed in 37 min. This efficiency enables continuous structural moni-
toring, rapid *what-if* assessments and timely decision-making for targeted inspections
and adaptive control. By effectively combining physics-based reduced-order modeling
with high-throughput computation, the proposed framework overcomes key barriers to
DT deployment: computational overhead, physical fidelity and scalability. Although
demonstrated on a steel platform, the approach is readily extensible to composite structures
and multi-turbine arrays, providing a robust foundation for cost-effective and reliable
deep-water wind-energy operations.

Keywords: digital twin; floating offshore wind turbine; IoT platform; reduced-order models
(ROMs); modal response amplitude operators (MRAOSs); real-time structural response;
fatigue analysis

1. Introduction

Offshore wind energy is becoming increasingly important in the global transition
to renewables. To harness stronger and more consistent winds, the sector is moving
beyond shallow-water fixed foundations and into deeper waters using floating platforms.
However, turbines operating in these environments experience complex, coupled loads
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from variable winds, dynamic waves, and ocean currents. These conditions make it
particularly challenging to assess structural integrity and monitor long-term health.

Digital twins (DTs)—virtual replicas of physical systems that evolve with real-time
data—are emerging as essential tools for managing these challenges. Unlike DTs used
primarily during the design phase, operational DTs provide continuous insight into the
structural condition and fatigue state of key components. This is especially valuable for
offshore platforms, where routine inspections are expensive and logistically difficult. By
enabling early detection of damage and optimizing maintenance planning, DTs help extend
turbine lifespan and reduce the levelized cost of energy (LCOE).

To better understand how DTs have been applied to offshore wind structures and iden-
tify remaining challenges, developments in the literature are reviewed. Complementary
domain-specific reviews deepen these findings for floating systems and turbine subsys-
tems, emphasizing physics-aware twins, sensor integration, and fatigue-relevant KPIs in
operational settings [1,2].

In recent years, digital twin (DT) technology for offshore wind turbines has advanced
significantly, with research spanning structural monitoring, drivetrain diagnostics, floating
platform dynamics, and hybrid modeling strategies.

Several studies have addressed structural reliability and fatigue life prediction. Au-
gustyn [3] developed a DT framework for updating substructure reliability using moni-
toring data, while Jorgensen [4] incorporated uncertainty propagation through Gaussian
Process surrogates to assess fatigue life. These works highlight the value of DTs in risk-
informed maintenance planning, although they remain focused on offline or probabilistic
evaluations rather than operational deployment. Building on this, recent work has ad-
dressed environmental dependence and data scarcity in fatigue assessment for FOWTs: Yu
& Xu quantify fatigue reliability under correlated wind-wave—current loads, while Gaidai
et al. propose a deconvolution-extrapolation strategy that improves long-term fatigue
estimates from limited records [5,6].

Efforts targeting drivetrain and internal components have explored predictive capabil-
ities. Moghadam [7] proposed a torsional dynamic model for gearbox health monitoring in
floating wind turbines, and Mehlan [8] used virtual sensing to estimate loads and fatigue
in uninstrumented drivetrain areas. While both approaches offer subsystem-level insights,
they lack full-structure integration and real-time feedback.

For floating platforms and mooring systems, Walker [9] developed a DT to estimate
mooring-line tensions, validated using operational data from Hywind Scotland. In a more
comprehensive approach, Branlard [10] demonstrated a physics-based DT validated on
the full-scale TetraSpar platform, achieving fatigue estimates within 10-15% of measured
values. These examples highlight a shift toward higher-fidelity structural models, but also
underscore the computational demands of such implementations.

These application-level advances are complemented by survey evidence that FOWT-
focused DTs remain bottlenecked by real-time coupled modeling and credible fatigue
pipelines—precisely the gaps highlighted in recent floating-wind DT reviews [1].

Real-world deployments of structural DTs remain relatively limited. Although several
open-source initiatives have emerged, they frequently depend on simplified models or
external simulation engines, which restrict their predictive fidelity.

Beyond application-specific developments, recent studies have explored novel method-
ological frameworks. Bull [11] introduced a probabilistic DT architecture based on multiple
candidate models, while Mousavi [12] proposed a hybrid strategy that combines physics-
based simulation with deep learning for damage detection. These approaches aim to balance
interpretability with computational efficiency but are rarely validated in real-time or off-
shore contexts. In parallel, reduced-order modeling continues to expand toward non-linear
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regimes: Simpson et al. demonstrate a data-driven AE-LSTM ROM for monopile dynamics
achieving ~ 300x speed-ups while retaining predictive fidelity, illustrating how non-linear
surrogates can be plugged into DT pipelines without sacrificing response quality [13].

Finally, recent reviews [14-16] have synthesized these contributions, pointing to per-
sistent challenges: limited real-time capabilities, high computational cost, and a lack of
scalable, physically grounded models. These gaps motivate the development of digital
twins that integrate efficient simulation with real-time sensor data, particularly for floating
offshore wind turbines, where dynamic loads and remote operation heighten the need
for advanced monitoring solutions. Recent wind-specific syntheses echo these themes
for both floating platforms and component-level twins, calling for transparent physics,
uncertainty-aware fatigue evaluation, and robust real-time data plumbing [1,2].

A notable step toward operational deployment is the open-source platform introduced
by Pacheco-Blazquez [17], which combines real-time sensing, automated remaining-useful-
life estimation, and cloud-based visualization for composite offshore structures. Owing to
its modular, publicly available architecture, this platform is adopted and further extended
in the present work as the technological backbone of the proposed structural Digital Twin.

Despite recent progress, developing effective digital twins (DTs) for offshore wind
turbines remains challenging. Many current solutions rely heavily on data-driven models,
such as deep learning, which often struggle to generalize beyond their training data and
lack interpretability grounded in physical principles. This issue is particularly relevant
in offshore environments, where access to high-quality, long-term monitoring data is
limited. In contrast, physics-based methods—like Integrated Load Analysis (ILA)—offer a
reliable and transparent foundation but come with high computational costs, making them
impractical for real-time use.

These limitations point to a clear need: a digital twin that balances physical fidelity
with real-time performance.

To address this, a real-time Digital Twin framework is presented, specifically designed
for the unique demands of floating offshore wind turbines. The framework integrates
three main components: (1) an Internet of Things (IoT) platform that streams and manages
sensor data from both the environment and the turbine; (2) a reduced-order aero-servo-
hydro-elastic model (ROM) obtained from a tightly coupled, time-domain finite-element
solver; the ROM keeps the main structural modes and supplies modal response-amplitude
operators (MRAOs)—transfer functions that turn hydrodynamic, aerodynamic, control
and mooring loads into their associated generalized modal coordinates Servan-Camas &
Garcia-Espinosa [18-20]; (3) a Python-based engine that uses the ROM results to compute
critical structural responses—such as displacements, stresses, and fatigue indicators—in
real time. Together, these elements enable fast, scalable, and accurate structural monitor-
ing, supporting condition-based maintenance and informed operational decisions. This
hybrid approach combines the interpretability of physics-based models with the respon-
siveness required for real-time monitoring—a capability not yet demonstrated in prior DT
implementations for floating offshore wind turbines.

The paper is structured as follows: First, we present the methodological foundations,
detailing the governing fluid-structure equations and the projection-based reduced-order
modeling approach that underpins the fast structural solver. Next, we introduce the
proposed real-time digital twin framework, detailing its architecture, hardware-software
integration, reduced-order structural solver, and data-management strategies. Then, we
validate the framework with the DeepCWind semi-submersible case study, assessing both
accuracy and computational performance under realistic metocean conditions and illustrat-
ing the advantages for real-time structural health monitoring and predictive maintenance.
Finally, we summarize the key contributions and implications of the research.
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2. Literature Review
2.1. Background and Motivation

The global offshore wind sector is projected to reach 380 GW by 2030 and 2000 GW by
2050, according to IRENA and the Global Offshore Wind Alliance [21,22]. As the indus-
try moves beyond shallow-water fixed foundations into depths exceeding 60 m, floating
offshore wind turbines (FOWTs) benefit from stronger and more consistent winds—with
offshore installations achieving capacity factors of 40-50% compared to typical onshore val-
ues around 35% [23]. However, these platforms face complex, coupled loads from variable
winds, waves, and currents, significantly complicating structural integrity assessment.

Digital Twins (DTs)—virtual replicas that evolve with real-time data—are emerging
as essential tools for managing these challenges. Unlike DTs used primarily during the
design phase, operational DTs provide continuous insight into structural condition and
fatigue state throughout the turbine’s life. This capability is particularly valuable offshore,
where maintenance visits can cost upward of $20,000 per turbine for drone inspections
alone, with major component repairs reaching hundreds of thousands of dollars [24].
By enabling early damage detection and optimizing maintenance, DTs can reduce the
levelized cost of energy (LCOE) by 5-10% through improved operational efficiency and
reduced downtime [25,26]. Complementary domain-specific reviews deepen these findings
for floating systems and turbine subsystems, emphasizing physics-aware twins, sensor
integration, and fatigue-relevant KPIs in operational settings [1,2].

2.2. Recent Advances

Digital twin technology for offshore wind has advanced across multiple domains. For
structural reliability, Augustyn (2021) developed a framework for updating substructure
reliability using monitoring data [3], while Jorgensen (2023) incorporated uncertainty
propagation through Gaussian Process surrogates for fatigue assessment [4]. These works
enable risk-informed maintenance but remain focused on offline or probabilistic evaluations
rather than operational deployment. Addressing floating-specific challenges, Yu & Xu
(2024) quantified fatigue under correlated wind-wave—current loads [5], while Gaidai
et al. (2023) proposed strategies for long-term fatigue estimates from limited operational
records [6].

Component monitoring has evolved through virtual sensing. Moghadam (2021)
developed torsional models for gearbox health in FOWTs [7], while Mehlan (2022) estimated
loads in uninstrumented drivetrain areas [8]. However, these approaches lack full-structure
integration and real-time feedback capabilities.

For floating platforms, Walker (2022) created a DT for mooring-line tension estima-
tion validated on Hywind Scotland [9]. Branlard (2024) demonstrated a comprehensive
physics-based DT on the TetraSpar platform, achieving fatigue estimates within 10-15% of
measurements [10]. These implementations highlight both the potential and computational
demands of high-fidelity models.

Methodological innovations seek to balance accuracy with efficiency. Bull (2024) in-
troduced probabilistic multi-model architectures [11], while Mousavi (2024) combined
physics-based simulation with deep learning [12]. Notably, Simpson et al. (2023) demon-
strated reduced-order modeling achieving approximately 300x computational speed-ups
while maintaining predictive fidelity [13]—illustrating how surrogates can enable real-time
monitoring without sacrificing response quality.

Recent syntheses identify persistent challenges: limited real-time capabilities, high
computational costs, and lack of scalable, physically grounded models [14-16]. Survey
evidence indicates that FOWT-focused DTs remain bottlenecked by real-time coupled mod-
eling and credible fatigue assessment pipelines [1]. Pacheco-Blazquez (2024) addressed
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some gaps with an open-source platform combining real-time sensing and cloud visualiza-
tion, owing to its modular, publicly available architecture [17], providing a foundation we
extend in this work.

2.3. Research Gap and Proposed Solution

Despite advances, a critical gap remains: existing solutions rely either on data-driven
models lacking physical interpretability or on physics-based methods like Integrated Load
Analysis that require computational resources incompatible with real-time operation. This
dichotomy is particularly problematic offshore, where monitoring data is limited yet
physically grounded predictions are essential for safety-critical decisions.

To address this, we present a real-time digital twin framework specifically for FOWTs
that bridges physical fidelity and computational efficiency through three components:

1. IoT Infrastructure: A scalable platform streaming sensor data from both environmental
and turbine systems, handling high-frequency measurements with quality assurance
and anomaly detection.

2. Physics-Based ROM: A reduced-order aero-servo-hydro-elastic model derived from
a tightly coupled, time-domain finite-element solver, retaining primary structural
modes while providing modal response-amplitude operators (MRAOs). These transfer
functions, based on the methodology of Servan-Camas & Garcia-Espinosa (2023,
2025), efficiently map hydrodynamic, aerodynamic, control, and mooring loads to
generalized modal coordinates [18,19].

3. Real-Time Engine: A Python-based processor computing critical responses—
displacements, stresses, and fatigue indicators—with update rates suitable for opera-
tional decision support.

This hybrid approach uniquely combines physics-based reliability with real-time per-
formance, building upon and extending Pacheco-Blazquez’s open-source framework [17]
to provide practical condition-based maintenance capabilities not yet demonstrated in prior
DT implementations for FOWTs.

2.4. Paper Organization

Section 3 presents the governing equations and projection-based reduced-order model-
ing approach. Section 4 details the digital twin architecture, hardware—software integration,
and data management strategies. Section 5 validates the framework using the DeepCWind
semi-submersible case study under realistic metocean conditions. Section 6 summarizes
contributions and implications for the offshore wind industry.

3. Methodology

This section describes the implemented computational model for aero-servo-hydro-
elastic analysis of floating offshore wind turbines.

3.1. Seakeeping Governing Equations

Assuming an inviscid, incompressible, and irrotational fluid domain (), the flow is
represented by a velocity potential ¢(x, t) that satisfies Laplace’s equation:

VZp=0 inQ. (1)

Appropriate boundary conditions are imposed on the free surface, the structure, and
the seabed:

*  Free Surface (I'rs): On the free surface with elevation &(x, f), two conditions hold:
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1. A kinematic condition ensuring that the free surface moves with the fluid:

LUV ViE= )

9
ot 0z

2. A dynamic condition (from Bernoulli’s equation) that balances the pressure:

0 1
Ui+ 5l Vgl + 88 = e, ©)

where g is gravitational acceleration and py; is the free surface pressure.

*  Body Surface (I'g): On the wetted surface of the structure, a no-penetration condition
is imposed:
vyl =—0p-1i, 4)

where vy, = V¢ is the fluid velocity, v, = 1 is the body velocity, and 7 is the unit
normal.
*  Seabed (I's): At the rigid seabed, the no-penetration condition is as follows:

Z)(P‘TIZO. (5)

The pressure field is obtained from the unsteady Bernoulli equation. For example, at
vertical coordinate z, the pressure is as follows:

3
P(Z)=—pgz—p<£+u-v¢+;|v¢lz>, 6)

where p is the fluid density.
Solution decomposition: It is convenient to split the flow into an incident wave field
and a disturbance due to the body. The solution is expressed as follows:

p=y¢+¢ and =074y, 7)

where (1, {) describe the incident waves and (¢, 7) the diffracted components. Substituting
into the governing equations yields a linear system (via a finite-element discretization) for
¢’ [20]:

L(P/:bg-f—bgo-l-bs, (8)

with L the discretized Laplace operator, and b terms representing boundary contributions.
It is important to note that, in this work, the seakeeping problem is solved in the time
domain using a finite-element method (FEM), thereby allowing straightforward coupling
with the structural problem (see, e.g., [20,27]).

3.2. Fluid-Structure Governing Equations

Floating structures subject to wave loads experience dynamic fluid forces inducing
structural responses. Under the assumption of small deformations, the linear elastic model
in the structural domain () is as follows:

V.eo+b=psii inQs, 9)

where u(x, t) is the displacement field, o is the Cauchy stress tensor (linearly related to strain
via Hooke’s law), b represents body forces (e.g., gravity), and p; is the material density.

Structural boundary conditions. On boundaries that are not in contact with the fluid,
we impose the following;:
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*  Surface tractions on S;: external pressures from waves or wind are applied as traction
loads, o ng = —png, over the wetted hull and the exposed tower walls,

*  Point loads at the hub: the linearized aerodynamic model supplies a resultant force
Fup and moment My, acting at the end of a rigid bar that represents the rotor axis;
these are assembled directly into the global load vector,

*  Mooring-line reactions: linearized mooring forces E;, (Equation (17)) act at the fairlead
attachment points.

Semi-discrete dynamic equilibrium. After a standard finite-element discretization of
the structural weak form, the nodal displacements satisfy the second-order system [28]

Mii + Cu + Ku = F(t), (10)

where M, C, and K are the global mass, damping, and stiffness matrices and F(t) collects
the time-dependent fluid-pressure loads acting on I'rg;.
The damping matrix is taken as Rayleigh (proportional) damping,

C = aM + K, (11)

with coefficients « and § chosen to reproduce the target modal damping ratios.
Fluid-Structure Coupling: At the interface I'rs;, two conditions ensure proper coupling:

1. Pressure (stress) continuity: The fluid pressure p, and structural stress must satisfy
the following:
0ng = —ppns, (12)

where 75 is the normal from the solid (with ny = —n;, from the fluid).
2. Kinematic (no-penetration) continuity: The structural normal velocity equals the fluid
particle velocity:
-ng=V¢-ng. (13)

These conditions allow the fluid pressure to act as a time-dependent load on the
structure while the structural motion updates the fluid boundary.

In this work a partitioned, tightly coupled (two-way) strategy [27] is adopted to solve
the hydro-elastic problem. Both the seakeeping and structural domains are discretized with
the FEM, but the meshes need not conform at the common interface I'. Spatial transfer of
data is performed with linear interpolation operators that map pressures from the fluid
mesh to the structural mesh, and displacements in the opposite direction:

— IFHS

PsT, PF Iy, (14)

upr, = ugr,, (15)

where prr, and urr, are the nodal fluid pressures and interface displacements on the fluid

IS—>F

mesh, psr, and ugr, are their counterparts on the structural mesh, and 1% are the

corresponding interpolation matrices assembled once during preprocessing.

3.3. Aerodynamic and Mooring Linear Models

In addition to the hydro-elastic formulation described above, the reduced-order model
incorporates linear representations of the aerodynamic rotor loads and the mooring-line
restoring forces so that all external actions can be superposed consistently in the time domain.
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Linearized rotor aerodynamics. Let (xg, Xg) denote the steady operating point of the
hub and define the small perturbations éx = x — xp and dx = x — x¢. A first-order Taylor
expansion of the non-linear aerodynamic load vector about that point yields

Fa(t) ~ Fao+ M, dx + B, 6x + K, ox + G, du, (16)

where F,g is the mean rotor load, Ju collects small variations in the control inputs (blade
pitch, generator torque, etc.), and M,, B;, K; and G, are the added-mass, aerodynamic
damping, stiffness, and control-gain matrices obtained with the linearization tools available
in OPENFAST [29].

Linearized mooring system. The quasi-static catenary mooring model is linearized in
an analogous way about the equilibrium offset of the platform, giving

Fin(t) ~ Fmo+ My 6x + By, 0% + Ky 0%, (17)

where Fp is the static pretension and My, By, K, are the inertia, damping and stiffness
matrices of the linearized mooring-line assembly.

Applicability of the linearized terms. Equations (16) and (17) involve linearizations of
the aerodynamic and mooring contributions, and are therefore valid for small perturbations
around representative operating points where the linearization assumptions hold.

The aerodynamic term in Equation (16) and the mooring term in Equation (17) are
added to the modal right-hand side of Equation (21), preserving the real-time capability of
the reduced-order model.

3.4. Real-Time Structural Solvers in SHM Digital Twins

In this work, the baseline structural formulation is a complete finite-element model of
the platform substructure and tower with detailed geometry and properties, comprising
up to several million degrees of freedom; we refer to this as the full-length model. Current
full-length FEM-based structural dynamics models, integrating the coupled effects of
wind, waves, and mooring loads in FOWTs, are too computationally demanding for real-
time applications. Digital twins require fast yet accurate models, navigating a trade-off
between simplicity and fidelity. Starting from the semi-discrete dynamic equilibrium in
Equation (10), we construct a projection-based reduced-order model that retains high
accuracy while enabling real-time performance.

Reduced-Order Modeling (ROM): ROMs reduce the number of degrees of freedom
by focusing on the system’s dominant behavior. In this work, a Modal Matrix Reduction
(MMR) approach is used. The full-order structural dynamics are described by Equation (10),
with damping given by the Rayleigh model in Equation (11).

Natural vibration modes are determined from the eigenvalue problem:

2 _ H—
- Wy i — Y — Ly 7
(K—w*M)®; =0, i=12,...,N (18)

this eigenproblem yields real, positive eigenvalues w; (the natural frequencies), each paired
with a characteristic eigenvector (mode shape) ®;. The structural displacement field can
then be expanded as a linear combination of these eigenvectors [28]:

N
u(t) = ) qi(t) @i, (19)
i=1
where Q(t) = {g;(t)}Y, are the modal generalized coordinates (modal amplitudes).

In practice, only a much smaller subset of N, modes (N, < N) is required to repre-
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sent the structural response with sufficient accuracy. Retaining only these modes yield

the following:
N”l

urom(t) = ) qi(t) ®; . (20)
i=1

To ensure that the selection of modes is sufficient to accurately approximate the
complete solution, we define weyt = wy°™ as the highest natural frequency kept in the
truncated basis and impose weut > 4 Wmax, following Bathe [28].

Substituting Equation (20) into (10) and applying orthonormality yields N;; decoupled
modal equations:

Gi(1) + 28 w; 4i(t) + wf qi(t) = fi(t) (21)

where f;(t) = ®] F(t) and {; is the damping ratio. Each modal equation is analogous to a
damped single-degree-of-freedom oscillator.

For a floating platform, the global stiffness matrix K is positive semi-definite, so the
eigenproblem above yields six zero (or near-zero) eigenvalues that correspond to rigid-body
motions. The modal generalized coordinates therefore split naturally into two groups [28]:

QR - {‘71;172/-'-/%}/ (22)

Qp = {97,498 -- -, 9N, }, (23)

where Qp collects the six rigid-body modes and Qp the remaining flexible-body modes.
The six independent Equation (22) associated with Qg are equivalent to the conventional
rigid-body dynamics, which can be written in compact matrix form as

Mgg iirg + Brp urp + Kgrp urg = Frs, (24)

where Mgg, Brp, and Kgp are the mass, damping, and hydrostatic restoring matrices
associated with the rigid-body degrees of freedom; ugg comprises the three translational
and three rotational components of the platform motion; Fgrp contains the integrated
hydrodynamic, gravitational, and external forces and moments acting on the body.
Wave-induced MRAOs: To efficiently predict the response to wave excitation, the
Modal Response Amplitude Operator (MRAO) is introduced. For a given mode m, the
MRAO is defined as the ratio between the amplitude response of the mth mode and the
amplitude of a monochromatic wave excitation of frequency @ and direction 6:

MRAO, (@, 0) = X (@-0) (25)

where H(@, ) is the amplitude of the monochromatic wave excitation at (@,0), and
Xm(@,0) is the amplitude response of the mth mode.

The MRAOs are computed by performing simulations with white noise excitation
in the domain, followed by a Fourier analysis to obtain the response amplitudes for the
different frequencies.

Offshore wind turbines are subjected to broadband excitations. The wave field is
characterized by a spectrum S(@) (e.g., Pierson-Moskowitz or JONSWAP) and a directional
spreading function D(6) (satisfying [ D(0) d6 = 1). Discretizing the spectrum into intervals
A®@ and A6, each component is assigned an amplitude:

H(®,0) =25(@) D(0) Ad. (26)

A small random phase is applied to avoid perfect periodicity (i.e., @ is shifted to
@ + 6@, where 0@ is uniformly distributed in the range from —A@/2 to +A@/2).
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For a given wave spectrum S(@) and directional discretization D(6), the wave contri-
bution to the modal time history is reconstructed as

guave(t) = Y. Y H(@, ) MRAO,, (@, 0) cos(@t + pm(@,6)), (27)
0 @

Practical spectral / discretization settings. In routine operation, we resolve 0.125-12.5 Hz
using piecewise-nonuniform binning (finer resolution around platform/tower resonances and
control bandwidth, coarser elsewhere). Directional discretization every 10°. Each component
uses independent random phase and small frequency jitter to avoid artificial periodicity.
Amplitudes are normalized so the discretized spectrum reproduces target variance.

Wind-Induced MRAOs: For mode m, the wind Modal Response Amplitude Operator
is defined as

wind ( ~ _ err\z]ind (d)/ (P)
MRAO;}™ (@, ¢) = U@, ) (28)
where U (@, ¢) is the complex amplitude of the longitudinal wind-speed fluctuation with

direction ¢, and x¥"4 is the resulting modal response. For a given turbulence spectrum

U(@, ¢) and an appropriate directional discretization, the wind contribution to the modal
time history is reconstructed as

T (1) = L) U(@, ¢) MRAOT (@, §) cos(@t + @ (@, 9)), @9)
¢ @

with random phase ¢, added to prevent artificial periodicity. The total modal response
used henceforth is the algebraic combination g, (t) = g¥ave(t) 4 gwind(¢).

A static offset gy, is added to account for steady loads, giving the total modal
response:

qmtotal(t) = qmstatic + qm(t) . (30)

To ensure the selected N;, modes capture the significant dynamics, an energy-based
selection is used. For mode m, define the vibrational energy as

1
En = 5 (63 (1)), 61
and choose N, such that
N N
Y Enw > 095) E;. (32)
m=1 i=1

Figure 1 illustrates a typical modal energy distribution and the cumulative energy
captured. In practice, even for detailed finite-element models of large floating turbines,
retaining only a few hundred lowest-frequency modes is usually enough to surpass the
95% elastic-energy threshold defined in Equation (32) and to satisfy the cutoff criterion
Weut > 4 Omax [28].
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Figure 1. Typical modal energy distribution and the cumulative energy captured [18].

The displacement at a specific node and direction is reconstructed by summing the
contributions of each mode, as illustrated in Figure 2:

an
wig(t) = Y qu(t) [Pulia, (33)
m=1
where [®,,]; ; represents the component of mode shape ®,, at node i in direction d, and

qm(t) is the corresponding modal amplitude at time ¢.

Real-Time

Figure 2. Reconstruction of displacement through linear combination of modal base and modal
amplitudes.

This modal superposition approach allows the heavy offline computations (eigen-
modes, MRAOSs, spectral decomposition) to be precomputed. At runtime, updating the
FOWT state becomes a fast summation over a small number of modes, enabling near
real-time simulation.

Efficient Stress Calculation: Once u(t) is known, stresses are computed via the consti-

tutive relation:
c=DBu, (34)

where B is the strain—-displacement matrix and D is the material matrix. Since B and D are
constant for a given element in the linear regime, the product C = D B is precomputed for
each element (and integration point). Thus, for each element with 7,,,4es nodes:

Mnodes

o(g,t) = ; C(i,g) ui(t), (35)

where g denotes the integration (Gauss) point. For shell elements with rotation dofs, the
computation is split into membrane (Cy,) and bending (Cy) contributions. The precomputed
matrices Cy, and Cy are obtained by Gauss-point integration of the matrix products D B,
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and D By. Here, D is the constitutive (material) matrix and B;, and By are the membrane
and bending strain-displacement matrices. The symbols w, denote the Gauss weights and
ngp the number of Gauss points:

9 Y w, DB (ng), €O = Y w, DB () 36)
m g m '/'/g/ f g f -/-/g .
g=1 g=1
N
Gop(g:1) = 1 [Cunlir ) + 5.Cr(i,8)] mi(t), (37)

1

and similarly for o}otom. This precomputation enables fast matrix—vector multiplications
at each time step.

Although the validation case presented in Section 4 focuses on a steel structure, the
same framework can be extended to other materials, including composites. By updating
the stress recovery matrices to reflect the appropriate constitutive laws—such as anisotropic
or layered stiffness models—the digital twin can accurately represent different material
behaviors without requiring changes to the overall workflow.

Fatigue Evaluation: Fatigue analysis is performed in real time using the computed
stress histories. First, the stress time series at critical locations is filtered to identify signifi-
cant turning points (peaks and valleys) while ignoring minor fluctuations via a hysteresis
filter. The 4-point Rainflow counting method (ASTM E1049-85 [30]) is then applied to these
filtered signals to count stress cycles. Figure 3 illustrates the application of the Rainflow
counting algorithm on a sample stress history. Cycle counts 7; are obtained for each stress
range, and fatigue damage is estimated using the Palmgren-Miner rule [31]:

D= f ki) (38)
iz Ni '

where N; is the fatigue life (from an S-N curve [32]) corresponding to the stress range in
bin i. When D = 1, the component’s fatigue life is fully consumed. Different S-N curves
can be accommodated for various materials or components.
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Figure 3. Application of the 4-point Rainflow counting algorithm to a discretized stress history [33]:
(a) 4-point Rainflow window on a discretized stress history; (b) cycle closures identified by the
4-point rule.

The ROM-based approach drastically reduces computational cost while preserving
key dynamic features. Efficient stress recovery and real-time fatigue evaluation enable the
digital twin to continuously monitor structural health and predict remaining useful life,
which is crucial for proactive maintenance and operational decision-making.
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4. Digital Twin for Structural Health Monitoring

IoT integration overview. The digital twin (DT) runs on the OSI4IOT microservices

stack, which connects data sources to the physics-based ROM, storage, and visualization

layers. The end-to-end data and control flow is summarized in Figure 4 and detailed in
items 1-6 below.

1.

Data ingestion: Sensors publish via MQTT (Mosquitto); forecasts fetched via OPeN-
DAP/HTTP on schedule.

Quality control: Node-RED flows perform gap filling, outlier filtering, resampling,
and unit tagging.

Storage: Curated time series are written to TimescaleDB with asset/sensor metadata.
Compute: The Python (version 3.12) DT service subscribes to metocean/operational
topics, generates spectra, runs the MRAO-based ROM, and computes displacements,
stresses, and fatigue.

Publishing: Computed KPIs are written back to TimescaleDB (and optionally repub-
lished on MQTT).

Visualization and alerts: Grafana dashboards and the web 3D viewer render signals;
thresholds trigger alarms.

O Onedine overview (rail) New data — Transport — Ingestion/QC — TimescaleDB —

Q_ DT Compute (ROM) — TimescaleDB + MQTT — Dashboards & 3D

Streaming: continuous MQTT sensor topics

(0) Start, Triggers
d Scheduled: metocean forecast pulls every 12 h (next 72 h window)

Sensor HW — MQTT sensors/fowt/{id}/...

Node-RED (same pipeline as forecasts): parse — validate

A) Sensors (Streaming) (units/range) — clean (outliers/gaps) — resample (At) — tag (site/sensor/units)

Write — TimescaleDB sensors_* (raw & cleaned)

\
\ Emit compute trigger — MQTT/REST with sensor time window T,

(1) Two intake paths
OPeNDAP/HTTP fetch (12-hourly) — Node-RED

Same QC pipeline (parse/validate/clean/resample/tag)

B) Forecasts (Scheduled)

Write — TimescaleDB metocean_* (forecast horizon T_f=72 h)

Emit compute trigger — MQTT/REST with forecast window T_f

Merge point: both paths now in TimescaleDB (synchronized clocks/metadata)

(2) Convergence. Unified inputs for compute

C( Compute service subscribes to either trigger (T. or T_f)

Load window: T; (recent sensors) or T_f (new forecast batch)

Build spectra (wind/wave) — MRAO — reconstruct full-field displacement/stress

(3) DT Compute (ROM Service, Python) Compute fatigue indicators/KPIs

Persist outputs — TimescaleDB 4t =

Publish summaries — MQTT dt/fowt/{id}/. ..

Grafana: measured vs computed, KPIs, thresholds/alerts

(4) Consumption. Visualization & Interaction ,[ 3D web viewer (gITF): overlay stresses/deflections on geometry

(Optional) Exports for reports/APIs

Dockerized microservices, health checks & logs

(5) Operations & Governance
C( RBAC, provenance (timestamps + config snapshots)

Figure 4. Mind map of the digital twin pipeline: data ingestion, storage, compute, and visualization.
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Messages follow MQTT topics such as fowt/<asset>/sensors/<id> and fowt/
<asset>/dt/<kpi> (QoS 1), all time-stamped in UTC and resampled to a common At
to ensure alignment between raw and computed series. MQTT traffic is TLS-encrypted and
broker access is authenticated; database access is role-based. Services scale independently
(containerized) and stateless DT workers can be replicated for throughput.

The OSI4IOT platform is built on a microservices architecture deployed through
Docker containers, allowing each software component to be independently managed,
scaled, and updated. The software stack is illustrated in Figure 5. A React-based fron-
tend [34] provides the user interface, while data ingestion and processing are handled
by automated workflows implemented in Node-RED [35]. Sensor data, whether from
physical devices or virtual sources, are transmitted via the MQTT protocol, with mes-
sage exchange coordinated by a Mosquitto broker [36]. This modular design enhances
system robustness, facilitates fault isolation, and enables rapid adaptation to different
deployment configurations.
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Figure 5. Containerized architecture of OSI4IOT: isolated services for frontend (React), automation
(Node-RED), and sensor communication (Mosquitto).

Curated sensor and computed streams are stored in TimescaleDB [37] for high-
throughput ingestion and sub-second queries, powering live Grafana dashboards [38],
ROM-driven simulations, and alerting. Predictive analytics modules in PyTorch [39] are
periodically retrained on historical data. Figure 6 shows an example dashboard with
measured and computed indicators; panels refresh continuously from TimescaleDB, with
role-based access and full time-stamped traceability.

In addition to real-time data visualization, the platform provides interactive 3D rep-
resentations of the structural state. The 3D geometry and metadata of the digital twin
are prepared through a dedicated visualization pipeline. Finite-element mesh data from
RAMSeries [40]—including nodal coordinates, connectivity, and structural layout—are
exported in JSON format and imported into Blender [41], where additional metadata are
embedded (e.g., sensor locations, component IDs, animations). Blender then exports an
enriched gITF model, which is loaded into the OSI4IOT platform for interactive web-based
visualization. This workflow is illustrated in Figure 7.
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Figure 6. Real-time Grafana dashboard displaying structural and environmental signals, including
strain, displacement, and wind data.
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Figure 7. Data integration workflow. Mesh data are imported into Blender; simulation results are
sent directly to OSI4IOT. Blender exports an enriched glTF model for interactive visualization.

Beyond visualization, the DT integrates multi-source environmental inputs. Virtual
sensors ingest external APIs such as OpenWeatherMap [42]; public datasets from Portus [43]
and Copernicus [44] provide validated measurements and forecasts. Examples are shown
in Figures 8 and 9.

Wind tower OSI4IOT digital Twin: Change <My_DTRef> with the corresponding DTRef

timestamp &

; .
e OpenWeatherMap b Setting params dev2pdb_1 topic

Edit http request node

Delete Cancel m

# Properties & B H
= Method GET v
@ URL https://api.openweathermap.org/data/2.5/weather?
Payload Ignore v

Figure 8. Example of a virtual sensor: external wind forecast integrated into the DT and processed
identically to physical measurements.

On-board instruments (e.g., anemometers and inertial measurement units, IMUs)
complement remote sources with local, high-rate measurements (Figure 9).
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10T FIBREGY PLATFORM

Figure 9. Wind sensor installed on the W2Power platform [45], capturing local wind speed and
direction in real time as part of the FIBREGY European project [46].

All streams—virtual, public, and on-board—enter the platform via standard protocols:
forecasts are fetched twice daily over OPeNDAP [47]; local sensors publish over MQTT.
Signals are time-stamped and stored in TimescaleDB for monitoring and simulation. Prior to
simulation, metocean series are quality-controlled (gap filling, outlier filtering, smoothing)
and then converted into wave and wind spectra that drive the ROM described in Section 2.

This comprehensive data integration infrastructure enables hybrid monitoring strate-
gies that combine local sensor measurements with remote data sources and virtual inputs.
Real-time updates from physical instrumentation, simulation results, and predictive models
are consolidated within a unified platform, providing a robust foundation for condition-
based maintenance. The modular architecture ensures extensibility, allowing for seamless
integration of additional sensor types, enhanced modeling capabilities, or large-scale de-
ployment across multiple assets.

5. Case Study

To validate the proposed Digital Twin framework, the OC4-DeepCWind semi—
submersible floating wind turbine (5 MW) [48] serves as the reference structure. The
structural definition used here as the benchmark follows ServanCamas2025 [19]; Table 1
summarizes its principal characteristics. The assessment follows Bureau Veritas Design
Load Case (DLC) 1.6 (Production) for an intact system stationed at Morro Bay (California),
where the water depth is 200 m.

The metocean conditions considered fall into two groups:

(1) Reference operating condition (RC)—used for the structural-response validation
(displacements and stresses via ROM-FEM comparison). A hub-height mean wind
speed U = 14.8 ms~! is represented by an NPD spectrum (40 frequency components,
0.00027-2.8 Hz). The accompanying sea state is a unidirectional JONSWAP spectrum
with significant height H; = 6 m and peak period T, = 14 s propagating from 0°.
Currents are neglected.

(2) Fatigue environmental conditions (FEC)—used for the hot-spot analysis. An array
of 1000 metocean scenarios is generated by combining: wind speed U = 4-25m s~

(5 discrete bins), significant wave height H; = 1-8 m (4 bins), spectral peak period

Ty = 4-20's (5 bins), and wave incidence direction 6 = 0°-330° (10 bins at 30° spacing).

The Cartesian product of these bins (5 x 4 x 5 x 10) yields the 1000 distinct load cases

employed to calculate fatigue damage at the selected hot-spot locations.

The finite element (FE) model contains 139,876 nodes and 315,417 triangular shell
elements. With six degrees of freedom per node this yields 839,256 structural DOFs per
time step, while stress at three Gauss points per element face and four stress components
produces 7,570,008 evaluation points per step. A three hour simulation at 0.1 s resolution
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(108,000 steps) would therefore require roughly 9.1 x 10'° displacement and 8.2 x 10!
stress evaluations, far exceeding real-time capabilities.

Figure 10a,b show the global FE mesh and a detailed view of the brace—column region,
respectively. Figure 11 illustrates the deformation shape of a representative bending mode
retained in the Reduced-Order Model (ROM).

Instead, the digital twin employs a projection-based Reduced-Order Model (ROM)
built from the first 5006 vibration modes, whose highest retained natural frequency is
121 Hz, thereby reducing the computational burden by several orders of magnitude while

preserving dynamic accuracy.

NS
24 VYA
4 raVAY

(b)

Figure 10. Finite—element mesh of the OC4 used in the Digital Twin analysis. (a) Global finite-element
mesh. (b) Detail view of mesh refinement at a brace—column joint.

(a) Mode 7 (b) Mode 9 (c) Mode 10 (d) Mode 16

Figure 11. Representative deformation shapes of four vibration modes retained in the ROM. Mode 7
corresponds to the first elastic mode; the six lower-frequency modes are rigid—-body motions.



J. Mar. Sci. Eng. 2025, 13,1953

18 of 26

Table 1. Key characteristics of the OC4-DeepCWind platform.

Characteristic Value Unit
Wind turbine rating 5 MW
Platform mass (incl. ballast) 14,077 t
Center of mass below SWL 11.06 m
Center of buoyancy below SWL 13.15 m
Draft 20 m
Main column diameter 6.25 m
Offset column upper diameter 12 m
Offset column base diameter 24 m
Column spacing (triangle side) 50 m
Mooring lines 3 -
Mooring line length 835.5 m
Anchor radius 837.6 m
Fairlead radius 40.87 m
Roll inertia 1.12 x 1010 kgm
Pitch inertia 1.11 x 1010 kg-m
Yaw inertia 1.13 x 1010 kg-m
Hub height 90 m
Water depth 200 m
Mooring system Catenary -

5.1. Structural Response

Displacements were computed using the reduced-order model (ROM) described in
Section 2.3, which reconstructs the structural response from precomputed mode shapes and
time-varying modal amplitudes driven by metocean loading under the reference condition.
The ROM was validated against a full finite element model (FEM) of the OC4-DeepCWind
platform to assess its accuracy and suitability for real-time integration in the digital twin.

Figure 12 illustrates a sample displacement output from the digital twin at a repre-
sentative time step. This visualization, continuously updated as new environmental data
arrive, enables real-time monitoring of platform and tower motion.

©SI410T SO

Platform assistant

Digital twins Tutorial

Disp_ Z[m]
-2.0679e-4

-7.1189%-5
--6.4412e-5
--2.0001e-4

--3.3562e-4

Min value: -9 5012e-5 m
Max value: 5 8542e-6 m Name: Cube Type: generic Collection: General

Figure 12. Digital twin visualization of the wind turbine displacement at a representative time step.
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Global validation results are shown in Figure 13, comparing the displacement fields
produced by the FEM and ROM at the same time step. The ROM accurately reproduces
the full-field deformation, including high-gradient regions near the tower base and col-
umn-brace junctions, using only a fraction of the original degrees of freedom.

ROM 5000 Modes

Displacement 800 (m) Displacemer nt 800 (m)

0.016633

0016633
0014796
0012958
0011121

0.0092839

0.014796
0012958
0.011121

00092839

00074467

00056094

00037721

00019349

0.0074467
0.0056094
0.0037721
0.0019348

9.75830-05

9.75822-05

Figure 13. Comparison of FEM (left) and ROM (right) displacement fields at a representative time
step. The ROM closely matches the FEM result with significantly reduced computational cost.

To examine local accuracy, the displacement time history at a critical node (located
at a brace—column connection) was compared between models. Figure 14 shows both the
node location and the time-series comparison. The ROM and FEM curves are visually
indistinguishable, confirming that dynamic response features are fully preserved.

Quantitatively, the maximum absolute error across all nodes and time steps was
below 1078 m. The mean-squared error was 1071 m?, with a root-mean-square error
around 1019 m. Even in high-motion regions, local errors remained below 10~ m, and the
maximum relative error for displacement was consistently under 1%. These results confirm
that the ROM achieves FEM-level accuracy while remaining computationally efficient for
real-time applications.
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Figure 14. Validation at a critical node: (a) node location; (b) displacement history (ROM vs FEM)
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over 100 s.

5.2. Stress

Once the displacement field is computed, the digital twin calculates the corresponding
stress distribution using the recovery process described in Section 2.3 for the same reference
condition. The von Mises equivalent stress is extracted as a scalar measure of combined
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stress intensity across the structure. To distinguish between tensile and compressive cycles,
we define the signed von Mises stress

o (1) = sign(on + 022 + 033) Tom (1), (39)

where a negative sign indicates net compression and a positive sign indicates tension. Track-
ing o35, (t) allows the digital twin to capture stress reversals directly, which is particularly
relevant for fatigue analysis.

Figure 15 shows the von Mises stress distribution at a representative time step, vi-
sualized in three dimensions through the platform’s web interface. High-stress regions
appear near structural discontinuities, such as the tower base and brace joints. The stress
field is updated in real time, enabling engineers to identify critical areas as environmental
conditions evolve.

@SI4I0T  Sirorm

Platform assistant

Digital twins. Tutorial

0.8009e6

-0.0105e2 ‘;E

(@) (b)
Figure 15. von Mises stress field computed with the ROM for the OC4-DeepCWind platform at a
representative time step. (a) ROM von Mises stress field over the entire structure. (b) Detail view of
the ROM von Mises stress field near the tower base and brace joints.

To evaluate temporal stress fluctuations, the digital twin provides time histories of
signed von Mises stress at any structural location. Figure 16 shows an example for a
representative element under the reference condition. The alternating tension—compression
cycles are clearly captured by the ROM, confirming its ability to reproduce transient load
effects at high resolution.
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Figure 16. Signed von Mises stress ¢, under combined wind and wave loading. (Left) 3D view

showing the element of interest. (Right) time history of o7}, at the three Gauss points, clearly
illustrating alternating tensile (positive) and compressive (negative) cycles.

To assess local stress accuracy at the same critical node used for displacement vali-
dation, Figure 17 compares the signed von Mises stress histories computed by the ROM
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and by the full FEM over a 100 s window. The curves overlap across peaks and troughs,
indicating that the ROM preserves transient stress reversals and amplitudes with relative
deviations below 1% at this location.
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Figure 17. Stress validation at a critical node: (a) node location; (b) signed von Mises stress time-
history comparison over 100 s.

5.3. Fatigue

Fatigue damage is assessed by the digital twin based on full stress time series extracted
at predefined structural hotspots. A total of 1000 “hot-spot stress read-out points” selected
according to the Bureau Veritas guidelines [49], focusing on regions with high stress
concentrations or fatigue-sensitive details. For each hotspot, fatigue life is evaluated under
the fatigue environmental conditions of 1000 metocean scenarios.

The combination of 1000 hotspots and 1000 environmental scenarios yields one mil-
lion load cases, each generating a 3 h stress time series. Fatigue analysis follows the
recommendations of IEC 61400-3-2 [50], with stress cycles extracted using the four-point
rainflow method defined in ASTM E1049-85 [30]. Figure 18 illustrates the raw signal and
rainflow matrix for a representative hotspot. The matrix bins stress cycles according to
their start and end stress levels, with diagonal bands indicating constant stress ranges. Ap-
plying this procedure across all cases enables a full-field fatigue assessment under diverse
operating conditions.
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Figure 18. Fatigue analysis at a representative hotspot. (Top) Stress time series over a 3 h simulation.
(Bottom) Rainflow matrix showing the number of counted cycles for each pair of reversal points,
with the horizontal and vertical axes corresponding to the start and end stress of each cycle. Diagonal
lines indicate constant stress ranges, and color represents the number of occurrences.

This type of analysis supports “what-if” assessments—such as evaluating the impact
of an upcoming storm, altered control settings, or extended operation—by estimating
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fatigue damage at key locations under diverse loading conditions. The fatigue module
complements the displacement and stress evaluations, completing the digital twin’s real-
time structural monitoring capabilities.

5.4. Real-Time Simulation Performance

A key advantage of the proposed digital twin framework is its ability to execute
structural simulations rapidly, supporting real-time monitoring requirements. To assess
computational performance, the analysis was benchmarked on a workstation equipped
with an AMD Ryzen Threadripper PRO 5995WX CPU and an NVIDIA RTX 4070 Ti GPU.
The three primary simulation tasks—displacement, stress, and fatigue evaluation—were
executed on both CPU and GPU to compare runtimes across architectures.

5.4.1. Displacement Analysis

The digital twin employs a reduced-order model (ROM) to reconstruct full-field struc-
tural displacements efficiently under the reference condition. For a 3 h simulation involving
839,256 spatial DOFs and 108,000 time steps—about 9.06 x 10'° total updates—the ROM
completed the task in 14.45 min on a CPU and just 0.69 min on a GPU, corresponding to
update rates of 104.5 million and 2.43 billion DOFs per second, respectively. In contrast, the
full finite element model (FEM) took over 2235 min to run on the same CPU, with an update
rate of only 0.68 million DOFs per second. This represents a speedup of approximately
155x over FEM on CPU, and more than 3200x when using GPU acceleration—reflecting
the computational gains achieved through modal superposition and massively parallel
integration. These results are summarized in Table 2.

Table 2. Displacement computation benchmark for a 3 h simulation (839,256 DOFs, 108,000 time
steps). The table compares the total runtime and update rate of the Reduced-Order Model (ROM) on
CPU and GPU against the full finite element method (FEM) on CPU.

ROM FEM
CPU GPU CPU
Simulation Time 14.45 min 0.69 min 2235 min
Update Rate 104.5 million DOFs/s 2.43 billion DOFs/s 0.68 million DOFs/s

5.4.2. Stress Analysis

Stress evaluation is more computationally intensive than displacement because it
updates a far greater number of integration points; the timings reported below correspond
to the same reference condition. For each of the 108,000 time steps, stresses were computed
at 7,570,008 points, yielding a total of approximately 8.18 x 10!! stress evaluations. The full
simulation required 46.4 min on the CPU and 3.81 min on the GPU. This demonstrates that
the digital twin can update the full stress history of the structure in under 4 min, supporting
continuous monitoring and fatigue analysis. These results are summarized in Table 3.

Table 3. Benchmark results for the digital twin stress computation over a 3 h simulation involving
7,570,008 evaluation points and 108,000 time steps. The table reports total runtimes and update rates
for CPU and GPU executions.

CPu GPU

Simulation Time 46.4 min 3.81 min
Update Rate 293.5 million points/s 3.57 billion points/s
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5.4.3. Fatigue Analysis

Fatigue analysis was conducted over 1000 critical points and the 1000 fatigue envi-
ronmental conditions, resulting in 1 million individual stress—time series. Each signal was
processed using a cycle-counting algorithm followed by damage accumulation. While
the per-signal operations are inherently sequential, GPU parallelism was leveraged across
points and scenarios to accelerate computation. The total simulation required 98 min on
the CPU and 37 min on the GPU, corresponding to 340 and 901 complete 3 h stress histo-
ries processed per second, respectively. This allows the digital twin to generate full-field
fatigue forecasts across thousands of conditions in under an hour. In practical applications,
scenario subsets can be evaluated in minutes, enabling near-real-time support for mainte-
nance planning. These results are summarized in Table 4. Table 5 reports the average time
required per hotspot across 1000 operating scenarios.

Table 4. Benchmark results for fatigue analysis across 1000 critical points and 1000 operating scenarios
(1 million time series). Reported values include total simulation time and average processing rate for
CPU and GPU implementations.

CPU GPU
Simulation Time 98 min 37 min
Processing Rate 340.1 stress histories/s 901.4 stress histories/s

Table 5. Average time required to compute fatigue damage for one structural hotspot across 1000 op-
erating scenarios.

CPU GPU
Time per Hotspot (1000 Scenarios) 294s 1.10s

6. Conclusions

This study presented a real-time digital twin (DT) framework tailored for the structural
health monitoring of floating offshore wind turbines (FOWTs). At ts core lies a hydro-elastic
reduced-order model (ROM) that captures the turbine’s dominant dynamic behavior and
fluid-structure interactions with high fidelity. This physics-based ROM enables the rapid
computation of displacements, stresses, and fatigue damage while preserving the accuracy
of full finite element models, bridging the long-standing trade-off between physical rigor
and real-time performance.

The framework was validated on the OC4-DeepCWind semi-submersible platform,
demonstrating that it can reconstruct full-field structural responses with errors consistently
below 1%, while achieving runtime reductions in over an order of magnitude. Critically,
this includes the capability to perform real-time fatigue assessment across thousands of
environmental scenarios, a task traditionally reserved for offline post-processing. These
results directly address the initial problem highlighted in the literature: existing DTs are
either computationally prohibitive for real-time use or rely on reduced-fidelity, black-
box surrogates that lack generalizability and interpretability. By contrast, the presented
framework retains physical transparency, generalizes to new load cases, and executes
efficiently on standard hardware.

By design, the platform’s structural model is intended to operate within the linear
elastic regime, which is adequate for the substructure and tower across the majority of
operating conditions. The principal limitations therefore arise from subsystems whose
response is intrinsically non-linear—most notably active rotor-blade control, mooring-line
dynamics, and other components that experience large displacements or material non-
linearities. Ongoing work is focused on embedding specialized non-linear reduced-order
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models for these subsystems so that the digital twin remains accurate under extreme or
highly coupled loading scenarios.

The platform is designed for extensibility: although demonstrated on a steel mono-
turbine system, it can be adapted to composite materials and scaled to multi-turbine arrays.
This adaptability, combined with integrated real-time visualization and fatigue forecasting,
makes it well-suited for deployment in operational settings.

The framework paves the way for scalable deployment in real offshore wind farms,
reducing maintenance costs and improving availability of clean energy infrastructure.
By closing the loop between high-fidelity physics, efficient computation, and real-time
monitoring, this digital twin framework offers a robust and actionable tool for advancing
the operational resilience and economic viability of offshore wind energy.
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