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HIGHLIGHTS

The wake effect is reframed as a lifecycle
heterogeneity problem in offshore wind
farms.

A framework is developed to integrate
wake aerodynamics, structural integrity,
and maintenance management.

The cross-scale propagation of wake-
induced local differences into farm-level
performance divergence is revealed.
The study provides a new perspective
for wake effect evaluation in terms of
performance and asset management.
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ABSTRACT

Assessment of the wake effect in offshore wind farms has long focused on power production and fatigue load-
ing. However, wake interactions can propagate and accumulate throughout long-term operations, leading to
broader inter-turbine heterogeneity, including structural degradation, maintenance requirements, and lifecycle
costs. This cross-layer effect and its wider implications remain unexplored in existing studies. To address this gap,
this study develops a systematic framework for the multidimensional assessment of wake-induced performance
heterogeneity at the wind farm level. The conceptual contribution of the framework is to link wake aerodynamics,
structural integrity analysis, and maintenance management within a unified analytical chain. Specifically, turbine-
specific operating conditions and loading histories under wake effects are first characterized, then translated into
crack-growth trajectories and reliability evolution, and finally incorporated into lifecycle O&M optimization. A
representative case study of an offshore wind farm in Akita, Japan, is conducted to demonstrate the applicability
of the framework. For the investigated case, the results show that wake-induced heterogeneity reduces overall
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energy production efficiency by 20.9%, increases fatigue loading by 47.7%, induces structural lifetime variations
from —36.2% to + 8.6% across turbines, lowers wind turbine reliability by 1.8%, and increases lifecycle mainte-
nance costs by 84.5%. By advancing wake analysis from local aerodynamic assessment to a broader perspective
on wind farm performance and asset management, the study supports more informed project evaluation and
long-term planning for offshore wind farms.

1. Introduction
1.1. Background

Driven by the global pursuit of carbon neutrality, the transition to
renewable energy sources is accelerating to realize net zero carbon
emissions [1-3]. As a rapidly maturing renewable energy technology,
offshore wind energy is becoming a cornerstone of future clean en-
ergy [4,5]. As of 2022, the cumulative global offshore wind capacity
had reached nearly 70 GW [6], and this figure is expected to rise to
over 400 GW by 2032 [7]. Against this rapid expansion, wake interac-
tions within offshore wind farms have emerged as a critical challenge to
the efficient and sustainable utilization of wind energy. Shaped by tur-
bine layout, wake effects create non-uniform inflow conditions across
the farm, typically characterized by reduced wind speed and elevated
turbulence intensity in downstream regions [8,9]. As a result, turbines
are exposed to markedly different aerodynamic environments, thereby
giving rise to wake-induced performance heterogeneity.

In this study, the wake-induced performance heterogeneity refers to
the turbine-to-turbine multidimensional disparities induced by wake ef-
fects over the long-term operation of turbines, as manifested in load
histories, energy production efficiency, structural degradation, mainte-
nance requirements, and long-term asset performance. On the one hand,
when an upstream turbine extracts kinetic energy from the incoming
flow, it leaves behind a slower and more turbulent wake, causing down-
stream turbines to produce persistently less power and thereby reducing
the farm-level energy yield. This aspect has been widely examined and
remains the dominant focus of existing wake-effect studies [10-13]. On
the other hand, the same non-uniform inflow conditions induce sub-
stantial inter-turbine variability in structural loading, which can lead to
turbine-specific differences in fatigue crack growth, degradation evolu-
tion, and the reliability of support structures [14-16]. These longer-term
consequences are particularly important for offshore wind turbines,
where failure rates are relatively high and failure consequences are often
severe due to the harsh marine environment and costly repair logistics
[17-19]. However, compared with the extensive literature on wake-
induced power losses and fatigue loading, the broader manifestations
of wake-induced heterogeneity remain much less understood.

Evidence from practice further highlights the significance of this is-
sue. At the Lillgrund offshore wind farm in Sweden, more than a decade
of SCADA data revealed power losses of up to 28% due to turbine clus-
tering and wake interactions [20]. In Japan, the investigation report on
the 2023 Rokkasho Tower collapse also indicated that fatigue induced by
aerodynamic loading, together with inadequate maintenance, may have
been among the contributing causes of the accident [21]. These practi-
cal cases suggest that wake effects may have implications beyond local
aerodynamic losses and therefore deserve a broader wind farm-level
assessment.

1.2. Literature review

Because wake-induced performance heterogeneity in offshore wind
farms involves multiple interconnected aspects, the existing literature
needs to be critically reviewed from three key perspectives, namely wake
aerodynamics, structural integrity, and maintenance management. Such
a connected review is necessary to identify the knowledge gaps that re-
main in existing studies in addressing this issue, thereby motivating the
proposed methodology in this study.

1.2.1. Wake aerodynamics in offshore wind farms

Wind turbine wakes affect wind farm performance by reducing
inflow velocity and increasing turbulence for downstream turbines,
thereby causing power deficits that depend on wake alignment, turbine
spacing, and atmospheric conditions. Over the past two decades, exten-
sive research has been devoted to aerodynamic wake effects and their
implications for power production and turbine loading. A wide range
of wake modeling approaches has been developed, including analyti-
cal engineering models such as Jensen and Larsen, the Dynamic Wake
Meandering (DWM) framework [22-24], high-fidelity large-eddy simu-
lation (LES) tools such as SOWFA [25-28], and mid-fidelity tools such as
FAST.Farm. These studies have substantially advanced the understand-
ing of wake flow dynamics and their effects on farm-level energy yield
and structural loading [29-31].

However, the existing literature remains limited in two important
respects. First, the fatigue analysis often relies on simplified wake
representations that neglect the spatiotemporal variability of wake-
induced inflow fields. High-fidelity CFD methods, including LES and
Unsteady Reynolds-Averaged Navier-Stokes (URANS), can resolve wake
structure, turbulence transport, and wake-wake interactions with high
accuracy, but their computational cost is prohibitive for long-term
fatigue assessment and large-scale wind-farm analysis [27,32]. By con-
trast, traditional static engineering wake models are computationally
efficient, but they cannot capture dynamic wake evolution or the re-
sulting unsteady load fluctuations on downstream turbines. DWM-based
models therefore provide an important compromise [33,34], yet early
implementations still relied on empirical parameterizations and quasi-
steady assumptions for wake shape and deficit evolution [22-24,35].
Similarly, IEC 61400-1 [36] typically represents wakes as uniformly
distributed velocity deficits, neglecting important features such as non-
uniform shear, lateral asymmetry, and dynamic meandering [37-39].
Recent developments have improved the physical description of wake
kinematics by explicitly accounting for wake propagation velocity and
deflection [31,35]. In parallel, high-fidelity simulations have shown that
fatigue loads vary markedly with turbine position within the wake, pro-
ducing pronounced spatial heterogeneity in structural response [29,40,
41]. Comparative studies further indicate that uniform wake models may
systematically underestimate fatigue loads relative to spatially resolved
approaches [29,30]. In large offshore wind farms, this issue becomes
even more critical because multi-wake overlap, merging, and interfer-
ence generate highly dynamic flow structures that static or quasi-steady
models cannot adequately represent. Recent efforts on wake-merging
formulations under heterogeneous inflow conditions [26,42,43] point
toward more realistic yet computationally tractable solutions. Second,
existing studies remain largely focused on aerodynamic effects and load
analysis. The subsequent link from wake-induced inflow and loading dif-
ferences to turbine-specific fatigue damage, structural deterioration, and
reliability evolution has not yet been systematically established.

1.2.2. Structural integrity of offshore wind structures

In the structural integrity assessment of offshore wind structures
subjected to fatigue damage, most existing studies have focused on
assessments based on S-N curves [44-46]. Representative examples in-
clude the S-N-based fatigue assessment of a 5 MW offshore wind turbine
with a gravity-based foundation by Velarde et al. [47], the long-term fa-
tigue analysis of multi-planar tubular joints in jacket-type offshore wind
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turbines by Dong et al. [48], and the long-term fatigue damage assess-
ment of a floating offshore wind turbine by Li and Zhang [49], where
a C-vine copula model was used for multivariate environmental charac-
terization. Further applications of S-N-curve-based fatigue assessments
in offshore wind structures have also been reported in [50-54]. These
studies have provided an important basis for fatigue evaluation under
offshore environmental loading.

However, although the S-N approach is widely accepted in engineer-
ing practice [55], it remains limited in its ability to support integrity
management and maintenance planning, especially when simulated
damage needs to be compared with inspection findings for model updat-
ing [56]. This limitation arises because S-N-based methods typically pro-
vide only a notional damage index rather than a directly interpretable
physical damage state. For this reason, fracture-mechanics-based ap-
proaches are more suitable for representing fatigue crack propagation
and damage evolution in a physically meaningful manner [57-61].
In parallel, Engineering Critical Assessment (ECA) methods have been
increasingly used to evaluate the damage tolerance of cracked struc-
tures [62,63]. Compared with S-N-based formulations, these approaches
provide a stronger basis for linking structural condition assessment with
integrity-informed maintenance.

Nevertheless, wake effects remain weakly integrated into the struc-
tural integrity literature. As discussed in Section 1.2.1, wake interactions
within offshore wind farms create spatially varying inflow conditions
and hence differentiated fatigue loading across turbines. Such differ-
ences are expected to lead to non-uniform deterioration and reliability
evolution among turbine support structures. Yet most existing structural
integrity studies still assess fatigue damage at the individual-turbine
level or under simplified loading assumptions, without explicitly incor-
porating wake-induced inter-turbine heterogeneity into crack growth
and integrity evaluation. Although Zhang et al. [64] recently exam-
ined the influence of turbine interactions and wake steering control on
fatigue loading at the blade root, the linkage between wake-induced
loading heterogeneity, fracture-mechanics-based fatigue evaluation, and
the resulting implications for structural deterioration and maintenance
planning remains largely unexplored.

1.2.3. Maintenance management for offshore wind turbines

From the perspective of maintenance management, offshore wind
turbine O&M has gradually evolved from traditional time-based main-
tenance toward condition-based and health-informed strategies, driven
by advances in sensing and Industry 4.0 technologies [65-71]. Various
sensing techniques have been used to collect structural condition data
[72-74], which are then analyzed to characterize damage-related states
[75-77]. On this basis, current health conditions can be assessed and fu-
ture states predicted, thereby supporting maintenance decision-making
[78,79]. Such a lifecycle-oriented integration of monitoring, diagnosis,
prognosis, and maintenance decision-making is recognized as the con-
cept of Digital Healthcare Engineering (DHE) [76,80]. Recent research
in this area has mainly focused on structural health monitoring (SHM)
[81-84], damage detection and prognostics enabled by big data and
Al techniques [85-87], and maintenance decision-making informed by
structural health assessment [88,89]. These developments have substan-
tially improved the ability to translate structural condition information
into maintenance actions.

However, the existing maintenance literature remains limited in
three important respects. First, wake-induced load variations can lead
to differentiated degradation states, such as cracks, across turbines, yet
most existing studies still focus on individual wind turbine structures
without accounting for inter-turbine heterogeneity in degradation and
the corresponding maintenance implications [88,90,91]. As a result,
maintenance strategies formulated from a single-turbine perspective
may neglect the collective health states of turbines across the wind
farm, which is increasingly inadequate for large-scale offshore wind
developments. Second, economic dependence among turbines creates
opportunities for grouped or opportunistic maintenance and thus for
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reducing O&M costs [92-97]. Although such strategies have been ap-
plied to nacelle components [98], their application to fatigue-sensitive
structural elements under heterogeneous degradation conditions re-
mains largely unexplored. This limits the ability of current studies to
capture how wake-induced differences in structural condition may re-
shape wind-farm-level maintenance coordination. Third, maintenance
optimization for offshore wind turbine structures is still commonly for-
mulated with a single objective, such as cost [88], reliability [99,100],
or risk [101,102]. However, maintenance planning under wake-induced
heterogeneity requires a more integrated perspective that can simul-
taneously account for multiple lifecycle objectives and the coupled
consequences of differentiated structural conditions across turbines
[103].

Overall, although existing studies have advanced monitoring, prog-
nostics, and maintenance optimization for offshore wind turbines, they
still lack a wind-farm-level perspective that explicitly incorporates wake-
induced heterogeneity in structural condition and its implications for
coordinated, lifecycle-oriented maintenance decision-making.

1.3. Novelty of this paper

The above review reveals a critical knowledge gap. Existing studies
have provided important insights into wake aerodynamics, structural in-
tegrity, and maintenance management, but these aspects have mostly
been examined separately. As a result, it remains insufficiently un-
derstood how wake-induced differences in local inflow conditions and
loading histories propagate across turbines and accumulate into wind
farm-level consequences, including energy production loss, fatigue load-
ing variation, structural deterioration, reliability changes, and lifecycle
O&M performance. This lack of understanding not only obscures, from
a scientific perspective, the cross-layer mechanism through which lo-
cal and short-term wake-induced differences evolve into system-level
and lifecycle consequences, but also limits, in practice, more realistic
long-term performance assessment and lifecycle management of offshore
wind farms.

To address the above gap, this study develops a systematic frame-
work for the multidimensional assessment of wake-induced heterogene-
ity in offshore wind farms. Rather than examining wake aerodynamics,
structural degradation, and maintenance decision-making in isolation,
the proposed nexus-driven framework links these processes within a
unified analytical chain to reveal how wake effects propagate through
wind-farm operation and translate into broader lifecycle consequences.
Specifically, the framework first characterizes turbine-specific inflow
conditions and loading histories under wake interactions based on long-
term site wind statistics. It then maps these loading differences into
turbine-level degradation evolution and structural reliability changes.
Finally, the resulting heterogeneity in structural health is incorporated
into maintenance planning to evaluate its implications for lifecycle
reliability and O&M cost performance. An integrated perspective is pro-
vided for understanding how wake-induced heterogeneity affects both
energy production and long-term asset management at the wind-farm
level.

In summary, the novelty and contributions of this study are:

(1) To move beyond conventional wake effect studies centred on
power loss and fatigue loading, this study reconceptualizes wake
effects in offshore wind farms as a multidimensional heterogene-
ity problem with broader implications for wind farm reliability,
maintenance management, and long-term asset performance.

(2) A systematic framework is established by coupling wake aero-
dynamics, structural integrity analysis, and maintenance man-
agement, enabling wake-induced differences to be traced con-
sistently from local operating conditions to farm-level lifecycle
consequences.

(3) The resulting analysis supports more realistic evaluation of off-
shore wind farm performance from both energy production and
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lifecycle management perspectives, thereby informing long-term
asset management and planning.

1.4. Outline

The remainder of this paper is organized as follows. Section 2
presents the proposed methodology and introduces the constituent mod-
els within the overall framework. Section 3 presents a representative
case study based on an offshore wind farm located in Akita, Japan. The
results verify the feasibility of the proposed methodology and empha-
size its advantages through comparative analysis. Concluding remarks
are provided in Section 4.

2. Methodology

In this section, we first present the overall framework of the pro-
posed approach, which integrates three key models including a dynamic
wake effect model, a structural crack propagation model, and an O&M
optimization model. Subsequently, each individual model is introduced
to highlight the specific methods employed to address the correspond-
ing problems. The integration of these models is demonstrated through
a nexus-driven coupling structure, enabling the consistent flow of in-
formation from aerodynamic loading to structural degradation and
maintenance decision-making.

2.1. Overall framework

To systematically address the interdependent challenges of wake-
induced loads, fatigue-driven structural degradation, and cost-reliability
trade-offs in offshore wind farm O&M, this study develops a nexus-
driven framework that integrates three individual models, as illustrated
in Fig. 1.

The three interconnected models are briefly introduced below.

(1) Wake effect model:

This model begins by evaluating site-specific wind condi-
tions through the construction of joint probability distributions
(JPDs) of wind speed and wind direction, derived from long-
term historical measurements. These distributions serve as input
to a dynamic wake and aeroelastic simulation model, which
integrates turbulent flow fields, wind turbine layout, and struc-
tural response characteristics. By iteratively updating the inflow

Wake effect model

Structural crack
propagation model
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conditions of each turbine using a dynamic wake meandering
model, this model generates turbine-specific time-series of inflow
velocities and associated structural loading histories, thereby
capturing spatially and temporally varying wake effects under
realistic operating scenarios.
Crack propagation model:

As the wake-structure nexus, the wind speed and direction,
together with turbine-specific loading histories are then fed into
a physics-based crack growth model, which evaluates fatigue-
induced damage accumulation using Paris’ law and fracture
mechanics principles. The model simulates the crack propaga-
tion under variable-amplitude cyclic loading, and identifies the
point at which a critical crack size is reached, marking poten-
tial failure. To account for uncertainty in material properties,
loading conditions, and model parameters, a probabilistic ECA
model is embedded, which samples relevant stochastic variables
and computes the probability of failure or reliability index as
a function of crack size. This model establishes a mechanistic
link between dynamic loading and degradation trends, enabling
predictive assessment of structural health evolution over time.
(3) O&M decision-making model:

The Paris’ law-based crack growth and reliability degrada-
tion trend are input into the O&M optimization model as the
structure-maintenance nexus. These structural degradation indi-
cators are utilized within a condition-based opportunistic mainte-
nance model that continuously compares the predicted crack sizes
with predefined maintenance thresholds. Once the degradation
exceeds the trigger threshold, the model triggers feasible mainte-
nance types and schedules. A multi-objective optimization model
is formulated to determine the optimal inspection and mainte-
nance strategy by balancing competing goals, namely minimizing
O&M costs and maximizing structural reliability, while adher-
ing to physical and operational constraints such as maximum
allowable crack sizes.

(2

—

Overall, in this framework, the information flow proceeds sequen-
tially across the three models. The wake effect model first provides
turbine-specific inflow and structural loading histories under each wind
speed and wind direction condition. These loading histories are then
converted into stress histories and equivalent stress ranges in the crack
propagation model, from which crack-growth trajectories and reliability
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Fig. 1. Overall nexus-driven framework for offshore wind turbines.
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indices are obtained for each turbine. Finally, the turbine-specific degra-
dation and reliability states are transferred to the O&M model as
state variables for threshold comparison, maintenance triggering, and
multi-objective optimization.

2.2. Dynamic wake-aeroelastic model

This section outlines the methods used to simulate wind turbine
loading under wake-affected inflow conditions. Three complementary
components are employed: an inflow statistical model, which character-
izes representative wind states through joint probability distributions;
an aeroelastic model, which resolves turbine structural responses under
stochastic inflows; and a dynamic wake model, which accounts for wake
meandering, expansion, and added turbulence.

2.2.1. Inflow statistics and modeling

In this study, the characterization of inflow conditions is based on
a JPD of wind speed and wind direction, constructed from long-term
offshore wind resource data. The wind direction is discretized into
16 equally spaced sectors over 360 degrees. For each direction, the
wind speed is categorized into three operational regimes: below-rated
(3-7 m/s), around-rated (7-11 m/s), and above-rated (greater than
11 m/s). This categorization is designed to reflect the nonlinear behavior
of wind turbine loading across different control regions, while main-
taining computational tractability. In total, this yields 48 wind-state
combinations.

The use of only three wind speed bins strikes a balance between mod-
eling fidelity and computational efficiency. Each regime corresponds
to a fundamentally different turbine response: the below-rated regime
involves increasing thrust under fixed-pitch control, the around-rated
regime exhibits significant variability due to rapid control transitions,
and the above-rated regime features pitch-dominated regulation with
reduced mean thrust but persistent turbulence-induced fluctuations.
Grouping the inflow conditions in this way enables the model to preserve
key mechanical characteristics across operating states without being
burdened by excessive combinatorics.

For each of the 48 combinations, a full-field three-dimensional tur-
bulent inflow was generated using TurbSim, configured with IEC Class
C turbulence intensity and neutral atmospheric stability. Each inflow re-
alization had a total duration of 720 s. The first 120 s was reserved as an
initial transient period in the subsequent OpenFAST simulation and was
excluded from post-processing. Therefore, only the final 600 s, corre-
sponding to a 10 min turbulent inflow sample, was used for calculating
turbulence statistics, mean values, and fatigue loads. The mean wind
speed prescribed in each TurbSim simulation was set to the average
value within the corresponding wind-speed bin, ensuring consistency
with the joint probability distribution.

The resulting turbulent inflows are used as input for FAST.Farm,
which simulates the dynamic aeroelastic response of each wind turbine
under the given wind state. Time histories of the tower base fore-aft
bending moment at all load cases are extracted from the simulations
and passed to the structural integrity assessment model for stress anal-
ysis and crack propagation simulation. The contribution of each load
case to fatigue crack growth is probabilistically aggregated as detailed
in Section 2.3.

This modeling approach enables a statistically and physically rep-
resentative characterization of wind turbine inflow conditions, tailored
for integration with dynamic wake effects and structural fatigue models.
The methodology is consistent with IEC 61400-1 design standards [36],
and is supported by recent findings emphasizing the importance of
joint probability-based inflow representation for accurate fatigue load
estimation in offshore wind environments [29,30].

In the present study, the annual distribution of daily averaged wind
speed was used to characterize the long-term wind climate and to iden-
tify representative mean wind speed bins for fatigue analysis. It should
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be noted that the daily averaged wind speed was not directly used as
the inflow time series for turbine load calculations. Instead, for each se-
lected representative mean wind speed condition, a 10 min turbulent
inflow field was generated according to the IEC turbulence model, and
the turbine loads and corresponding damage equivalent loads (DELs)
were evaluated from these turbulent simulations. Therefore, the effects
of short-term turbulence fluctuations, small-scale gusts, and the associ-
ated load peaks were inherently included in the fatigue assessment for
each representative operating condition.

2.2.2. Aeroelastic model

To assess the coupled aeroelastic response of each wind turbine un-
der dynamically evolving wake conditions, this study utilizes OpenFAST,
an open-source, high-fidelity, nonlinear aero-servo-hydro-elastic simu-
lation tool developed by NREL. OpenFAST models the structural and
control response of wind turbines by solving the equations of motion for
flexible components such as blades and towers, under the influence of
unsteady aerodynamic loads and operational control actions.

OpenFAST is embedded within the mid-fidelity FAST.Farm frame-
work to simulate wake interactions across the full wind farm. FAST.Farm
integrates turbine-level OpenFAST solvers with a computationally ef-
ficient implementation of the dynamic wake meandering model. This
enables the simulation of wake advection, diffusion, and merging on a
coarser farm-scale grid, while each turbine’s rotor is resolved on a fine
time scale using blade element momentum (BEM) theory and dynamic
inflow models. Compared to high-resolution CFD such as LES, this ap-
proach achieves significant computational efficiency (up to 100x faster)
while maintaining physically consistent aeroelastic fidelity.

For each wind direction sector and wind speed bin, IEC Class C neu-
tral inflow conditions are generated using TurbSim, which produces
spatially coherent, 3D stochastic wind fields. These full-field inflows
are input into FAST.Farm, ensuring complete consistency between the
turbulence characteristics, wake development, and resulting turbine re-
sponses. To maintain methodological consistency, the generalized added
turbulence model is employed with fixed parameters across cases, con-
trolling wake growth rate, meander filtering length scale, and turbulence
intensity.

In this study, two key outputs from OpenFAST are extracted for each
turbine under each inflow condition.

(1) Tower base fore-aft bending moment: Used as the primary input
for downstream fatigue analysis and crack propagation model-
ing, forming the structural loading basis in the fracture mechanics
model. This location is selected because the tower base typically
experiences the maximum bending stresses induced by aerody-
namic thrust and gravitational loads, making it the most critical
section for fatigue assessment and structural integrity evalua-
tion according to IEC 61400-1 and established industry practice.
Other critical locations, including the transition piece and the
monopile, are beyond the present scope of this study and will
be examined in future work as the model is extended.

Electrical power output: Used to evaluate the energy produc-
tion and assess potential revenue loss due to wake-induced
performance degradation.

(2

—

By incorporating these outputs into a probabilistic framework, the
model captures the spatial and temporal heterogeneity of turbine load-
ing and power generation induced by complex wake dynamics. This
aeroelastic simulation thus serves as the critical interface linking aerody-
namic wake effects to structural degradation and O&M optimization. For
the subsequent structural integrity analysis, the tower base fore-aft bend-
ing moment histories are transferred as the load input for stress range
calculation and crack propagation simulation, while the correspond-
ing wind state probabilities are used to aggregate fatigue contributions
across the considered inflow conditions.
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2.2.3. Dynamic wake model

By embedding the dynamic wake meandering formulation within
the aeroelastic loop and driving it with realistic turbulence inflow, this
model enables (i) evaluation of controller-induced transient responses
under evolving wakes, (ii) quantification of the incremental fatigue dam-
age caused by wake-added turbulence (WAT) in multi-wake interactions,
and (iii) scalable probabilistic lifetime assessment across the wind farm.
This integrated framework thus bridges the gap between computational
efficiency and physical accuracy in fatigue load estimation for offshore
wind farms.

In this study, FAST.Farm is used to evaluate the fatigue loading of
each wind turbine under complex wake interactions. Each turbine m is
located at coordinates (x,,, y,,, z,,) in the wind farm layout as demon-
strated in Fig. 9, and its wake is modeled individually while dynamically
interacting with the wakes of upstream turbines.

In FAST.Farm, each wind turbine is simulated at fine temporal res-
olution, while the downstream wake is discretized into evolving planar
sections (wake planes) that are convected, diffused, and merged over
a coarser grid. This results in a computational cost approximately two
orders of magnitude lower than full LES while preserving the fidelity of
the BEM theory.

For turbine m, the time-varying wake centerline positions in the
lateral and vertical directions are modeled as

Vea® = / A" (1) b;,’m(f) dr,
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where b’y o and b, =~ are the transverse and vertical turbulent fluctua-
tions at the rotor center of turbine m, and A™(r) is a temporal filter
representing the wake meandering coherence of that turbine.

The instantaneous velocity deficit within the wake of turbine m is
assumed to follow a super-Gaussian distribution:
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where x' = x — x,, is the downstream distance relative to turbine m,
AE" (x') is the peak velocity deficit, ¢”(x’) is the wake width, and »™
is a shape parameter (typically 1.5 < n™ < 2).

The wake expansion is modeled as

0"(x") = o + kX', 3

where ¢f' is the initial wake width and &, is the wake growth rate.
To account for WAT, the model introduces an additional turbulence
intensity following the generalized added turbulence formulation:

) =15 (1 -0 2] ). @
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where 1 is the asymptotic added turbulence and &}, is the meander
filtering length scale. For methodological consistency, these parameters
are typically kept constant across all turbines and inflow classes (i.e.,
1 = lags Efy = Eqy, €LC.).

At any downstream position, the instantaneous total velocity deficit

due to all upstream turbines can be expressed as
AB (X, y,2,1) = Q({AEm(x, ¥z, t)}meM(x,y,z))’ (5)

where M(x, y, z) denotes the set of upstream turbines influencing that
location, and Q(-) represents the superposition operator consistent with
the FAST.Farm merging rule.
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The inflow is generated using TurbSim, configured for IEC Class-C
turbulence under neutral atmospheric stratification. Ten-minute full-
field stochastic wind samples are provided as input to FAST.Farm, en-
suring consistent turbulent inflow, wake dynamics, and rotor-averaged
load predictions across all turbines.

By embedding the dynamic wake meandering formulation within the
aeroelastic loop and driving it with realistic turbulent inflow, this model
enables (i) evaluation of controller-induced transient responses under
evolving wakes, (ii) quantification of incremental fatigue damage caused
by wake-added turbulence in multi-wake interactions, and (iii) scalable
probabilistic lifetime assessment across the wind farm.

2.3. Structural integrity model

This section outlines the methods used to evaluate the structural
integrity and reliability of wind turbine support structures. Two com-
plementary models are employed: a crack propagation model, which
facilitates condition monitoring by simulating fatigue-induced crack
growth, and a Failure Assessment Diagram (FAD) model, which enables
criticality assessment through fracture mechanics-based evaluation. The
combined use of these models supports both damage prognosis and
safety evaluation.

2.3.1. Crack propagation model

To enable condition assessment of wind turbine support structures
with respect to fatigue, a fracture mechanics-based simulation of crack
propagation is employed. In this study, crack depth is used as the
structural condition indicator. Considering an elliptical crack shape and
assuming a fixed crack aspect ratio, the propagation of crack depth can
be described by the relationship between the crack growth rate (da/d N)
and the stress intensity factor range (AK) [104]:

da F

IN - C(AK)™e (6)
in which a is the crack depth, AK is the stress intensity factor range, C
and m, are the crack growth parameters and da/d N is the crack growth
rate with respect to the number of cycle (V). AKy, is the threshold stress
intensity factor range. da/dN =0 if AK < AKy,. In this study, a critical
crack depth threshold (a;) is defined to represent the onset of failure.
Additionally, the effect of crack closure is ignored in the crack propaga-
tion simulation. The stress intensity factor is used to predict the stress
state near the tip of a crack or notch caused by a remote load and plays
a vital role in the application of linear elastic fracture mechanics [105].
The general form of stress intensity factor solution reads as follows:

K = (Yo)\/7a 7)

where ¢ is the remote stress acting on the structural member and Y is
the geometry function, which is assumed to take the value of one for
simplicity. For fatigue analysis, the corresponding stress intensity factor
range is given as:

AK = (YAc)\/7a 8

An incremental approach is applied to simulate the crack propagation
in the cycle i, in which if AK > AKj, the crack growth increment is
estimated as follows:

Aag; = C(AK)" AN Q)

The cumulative crack depth after N cycles is then obtained as follows:

N
ay :a0+ZAa,- (10)

i=1

In this study, multiple load cases are considered as described in
Section 2.2, each defined by different combinations of wind direction
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Fig. 2. Illustration of the selected hotspot location.

and wind speed, as detailed in the previous section. The time histo-
ries of the tower base fore-aft bending moment obtained for each load
case are first used to calculate the corresponding nominal stress his-
tories at a selected hotspot on the tower base cross-section, based on
the corresponding cross-sectional properties (Fig. 2). This hotspot is se-
lected because it represents the most highly stressed region under the
fore-aft bending moment, which is the only environmental load ef-
fect considered in this study. Consequently, it is regarded as the most
critical location for fatigue crack growth and structural integrity assess-
ment. It should be noted that other locations may become critical when
additional load effects or alternative loading scenarios are considered.
However, the proposed framework is not restricted to a single hotspot
and can be readily extended to multiple critical locations. The stress
history obtained for each load case is then used to derive an equiva-
lent constant-amplitude stress range, denoted as A, ;. This is calculated
using a weighted averaging approach expressed as:

o 1/p

Aoy, = [ /0 Ao’ f(Ao)dAa] @an
where Ao, ; is the equivalent constant-amplitude stress range for load
case i, and f(Ac) denotes the probability distribution of stress range. In
practice, rainflow counting is applied to the variable-amplitude stress
histories to generate the stress range histograms. The parameter g is
a material-specific exponent, typically corresponding to the slope of
the fatigue crack growth curve in log-log space. Once the equivalent
constant-amplitude stress ranges are obtained for all load cases, an
overall equivalent stress range across all load cases is computed as:

1/p
Ao = [Z (A,)” m] (12)

i€l

where p; is the probability of occurrence of load case i and T is the
total number of load cases. It should be noted that not all load cases
generate a tensile stress history at the selected hotspot. For such cases,
their contribution to the equivalent stress range is excluded by setting
the corresponding probability of occurrence to zero. To account for lo-
cal stress concentration, a stress concentration factor (SCF) is applied
to the nominal stress range obtained by Eq. (12) prior to use in the
crack-propagation analysis. This simplification is adopted to maintain
the tractability of the integrated framework and to keep the focus on
how wake-induced loading differences propagate into structural degra-
dation and maintenance decision-making, rather than on detailed local
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finite-element stress modeling. Accordingly, the resulting stress and
crack-growth estimates should be interpreted mainly as comparative in-
dicators among turbines under consistent modeling assumptions, rather
than as final design-level hotspot stress predictions. Within the scope
of the present framework demonstration, advanced local stress analysis
is therefore not pursued. In future studies, more comprehensive stress
analysis could be incorporated to facilitate hotspot identification and
support more rigorous structural integrity assessment.

2.3.2. Crack acceptability and structural reliability assessment

According to BS 7910 [62], for cracked structures, failure typically
occurs through fracture, plastic collapse, or a combination of both. The
ECA methodology, based on the FAD, is specifically developed to eval-
uate the interaction between these two failure modes and to assess the
acceptability of cracks. Within this framework, two main parameters are
required, namely load ratio (L,) and fracture ratio (K,). The load ratio
(L,) is determined from the primary load (P) acting on the structure:

P _ Oref

L=—— =
P (a,0y) oy

13)

T

where P, (a, oy) is the elastic-perfectly plastic limit load for crack depth a
and yield strength oy. o, is the reference stress acting on the structure,
computed from the applied membrane stress (s,,) and the crack depth.

With respect to the fracture ratio (K,), it is determined by the
following equation:

KP +VKS
K. = T K.

mat

(14)

where KP is the stress intensity factor due to primary stress (i.e., o,,; in
Eq. (13)), K3 is the stress intensity factor due to secondary stress (¢ $)
and K, is the material’s fracture toughness.

The term V is the plasticity correction factor and is expressed as
follows:

L
V =min |1 +0.2L, +0.02KS <F> (1+2L),31-2L,| for L <105
(15)

V=04 for L >105

(16)

The assessment point is evaluated against the Failure Assessment
Line (FAL), which, together with the coordinate axes, defines a safe do-
main. If the point lies within this domain, the structure is considered
safe and the crack deemed acceptable (Fig. 3):

Yoo = {(Lp K) ER? 1 0< Ly < Ly, 0K < f(Lp)} a7

where the function f(-) is the formulation of FAL. The Option 1 pro-
cedure described by BS 7910 is employed in this work. For materials
exhibiting a yield discontinuity such as offshore steel considered in the
present work, the following equations are used to describe the FAL:

1 -0.5
fL) = (1 + §sz> for L.<1 (18)
1 -0.5
fwy=(a+5;) for  L,=1 19)
L) = f(L, = 1) LM=D/@M) for 1< Ly < Ly (20
f(L;) =0 for Lr > Lr,max (21)

in which the parameter M is given as a function of material yield
strength (oy) and ultimate tensile strength (oy;) as follows:

M =023 <1—"—Y> 22)

oy
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Fig. 3. Illustration of failure assessment diagram.

Additionally, L, ,,, denotes the cut-off value of FAL and is determined
by the following solution:

oy + 0
Lr.max = e SR (23)

Furthermore, the parameter 4 is defined in terms of elastic modulus (E),
the yield strength (oy), and the increase in strain (A¢) at lower yield
strength:

EAe

A=1+ 24)
oy

in which

Ae =0.0375(1 — 0.0010y) (25)

Additionally, to account for the inherent uncertainties in input variables,
a probabilistic ECA is performed. Specifically, a Monte Carlo simulation
is employed to estimate the probability of failure (Py;,..) and structural
reliability (R = 1 — Py;,.)- For each sampled set of inputs, an assessment
point (LE[), Kr(l)) is computed and checked against the safe domain (¥, ).
An indicator function is defined to denote whether the structure is safe
under the /-th (/ € £) sample:

o _JLif @, KYy e Wy  (safe) 26)
safe 0, otherwise (failure)
The probability of failure is then approximated by:
| &
I
Pfailure a4 Z Z <1 - I:a)fe) (27)

1

Material yield strength (mean = 355 MPa, CoV = 10%), ultimate
tensile strength (mean = 550 MPa, CoV = 10%), fracture tough-
ness (mean = 150 MPay/m, CoV = 10%), applied membrane stress
(mean = 250 MPa, CoV = 20%), and crack size (mean value obtained
from the crack propagation simulation, CoV = 20%) are considered as
random variables in the probabilistic ECA. For simplicity and in accor-
dance with the recommendations of BS 7910, all variables are assumed
to follow normal distributions. To improve computational efficiency,
a sample size of 10,000 is adopted based on a sensitivity study using
10,000, 50,000, and 100,000 samples, which showed reasonably small
differences in the predicted probabilities of failure.
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Fig. 4. Illustration of crack propagation over time.

2.4. Operation and maintenance optimization model

2.4.1. Condition-based opportunistic maintenance strategy

The outputs from the structural integrity model provide the direct
inputs to the O&M decision-making model. Specifically, the turbine-
specific crack depth trajectories are used as condition states for inspec-
tion and maintenance threshold comparison, while the corresponding
reliability estimates are used to evaluate the reliability objective in the
optimization model. Suppose that the offshore wind farm consists of M
wind turbines. Although all wind turbine towers are assumed to be in
brand-new condition at the start of farm operation, micro-scale initial
cracks may still exist due to inherent imperfections introduced during
the manufacturing and welding processes. Therefore, an initial crack
depth is denoted as ayy. For the wind turbine m (m = 1,2, ..., M), let a;."
represent the crack size observed on the tower of turbine m during the
j-th inspection with the total number of inspections denoted by J.

Fig. 4 illustrates a trajectory of crack propagation over time. Due
to the inherent characteristics of crack growth in tower structures, the
initial propagation is relatively slow. Crack growth is limited during
the initial years, but as depth accumulates, the growth rate accelerates
markedly.

The cracks in turbine towers are inspected at regular intervals using
remote inspection and advanced SHM technologies. In practice, how-
ever, the condition of offshore assets is rarely fully observable. Since
the primary objective of this study is to investigate wind-farm hetero-
geneity and quantify the long-term implications of wake effects, a fully
effective inspection process is assumed for model tractability. This ide-
alized assumption is adopted to isolate the influence of wake-induced
degradation heterogeneity on maintenance decision-making, without
introducing additional uncertainties from imperfect detection, sizing er-
rors, or inspection delays. Accordingly, the inspection model should be
interpreted as an ideal information-availability case, while imperfect
inspection can be incorporated in future extensions of the framework.
Specifically, the adopted inspection techniques are assumed capable of
identifying the actual size of fatigue cracks within a relatively short pe-
riod after inspection. The inspection interval is denoted by the variable
¢.

If the crack reaches a predefined critical depth denoted by «;, the
tower is considered to be at high risk of collapse. In such cases, a com-
plete replacement of the tower is required. This type of maintenance is
referred to as corrective replacement, which typically incurs the high-
est maintenance cost and results in significant downtime. The corrective
replacement triggers a maintenance cycle, denoted by s, which involves
organizing and dispatching available vessels and maintenance crews to
maintain the wind turbines that meet the maintenance criteria.

To avoid such costly corrective actions, the condition-based oppor-
tunistic maintenance strategy is introduced based on the intermediate
maintenance threshold ¢,,. The threshold is compared with the observed
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crack size aj' to determine whether a maintenance cycle is triggered pre-
ventively. If the crack depth exceeds the threshold (¢, < 4} < a;), a
preventive maintenance is planned and a maintenance cycle is initiated.

In each maintenance cycle, when a turbine with a crack depth
exceeding the critical threshold g; is replaced, or when preventive
maintenance is performed on a turbine exceeding the threshold ¢,
maintenance opportunities may arise for other turbines within the wind
farm. Specifically, an additional maintenance threshold ¢, is intro-
duced and compared with the current crack depth aj' to determine
whether opportunistic maintenance should be carried out. If the condi-
tion ¢, < a}' < ¢, is satisfied, the turbine is scheduled for opportunistic
maintenance.

Two methods are considered for tower repair in this study. The first is
grinding, which is used to remove minor surface cracks [88]. In the pro-
posed model, this method is employed for opportunistic maintenance.
Since the crack depth at this stage is relatively small and the repair pro-
cedure is relatively simple, the associated maintenance cost is lower. The
second method is welding, which targets deeper cracks [70]. It involves
grinding to eliminate the surface crack area, followed by wet welding to
fill the resulting groove. In the model, this procedure is used to perform
preventive maintenance.

When performing maintenance on a repairable system such as wind
turbine structures, it is necessary to model the effect of maintenance ac-
tions on the accumulated crack depth. In this study, we adopt the Kijima
II model, which assumes that the maintenance action in the s-th main-
tenance cycle can reduce the cumulative damage (i.e., crack growth)
accumulated up to that point. This relationship can be expressed as
[106]:

ar=g(77)=g(a (7, 1= tn)) (28)

where the function g(-) serves as a mapping from the virtual age to the
current crack level, a7 represents the crack depth observed on turbine m
at the s-th malntenance cycle which is triggered by the j,-th inspection,
T represents the corresponding virtual age, g is repair effectiveness,
and t, and 1(,_;) represent the time of s-th and (s — 1)-th maintenance
cycles. The total number of maintenance cycles is denoted as S. In this
case, the value of g is set to 0. This full-restoration assumption repre-
sents an ideal repair case and is adopted to avoid introducing additional
uncertainty associated with repair quality and residual defects. Under
this assumption, the post-maintenance crack state is reset to the initial
condition. In practice, imperfect repair effects can be represented by as-
signing a non-zero repair effectiveness parameter in the Kijima model,
implying that all types of maintenance are assumed to fully restore the
crack to its initial state upon execution.

Fig. 5 is presented to illustrate the proposed maintenance strategy.
Suppose three wind turbines begin with initial crack depth denoted by
ay. The crack propagation is monitored at inspection points spaced
at intervals of ¢, from 7, to #,. At time ¢,, all crack depths are below
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the opportunistic maintenance threshold ¢, and therefore, no mainte-
nance cycle is triggered. At r,, wind turbine 2 reaches the preventive
maintenance threshold @p and is scheduled for preventive maintenance,
initiating a maintenance cycle. The other turbines remain below ¢, and
thus are not eligible for maintenance at this time. At 5, the crack in wind
turbine 1 grows rapidly and reaches the critical threshold q;, requiring
corrective replacement. This maintenance cycle also creates an oppor-
tunity to perform opportunistic maintenance on wind turbine 3, which
now satisfies ¢, < af. < @p,. The scenario at 7, is similar to that at 1,
where only wind turbine 2 qualifies for preventive maintenance. At ¢,
the situation resembles that of 7;, with no turbines meeting any mainte-
nance criteria. Finally, at 7, the corrective replacement of wind turbine
1 and the preventive maintenance of wind turbine 2 jointly provide a
maintenance opportunity to perform opportunistic maintenance on wind
turbine 3.

2.4.2. Cost and reliability objective formulation

The proposed maintenance strategy considers two key performance
indicators as optimization objectives, i.e., minimizing O&M costs and
maximizing reliability. The O&M costs refer to the annual maintenance
expenditure over the lifetime Ty of the offshore wind farm. The cost
categories include repair costs, mobilization costs, inspection costs, and
transportation costs. All the costs are discounted using a factor y which
is in the range [0, 1] to account for the time value of money.

We define H = {cm, pm,om} as the set of maintenance action types,
where “cm”, “pm”, “om” represent corrective maintenance, preventive
maintenance, and opportunistic maintenance, respectively. The total
repair costs Cy are derived as

R= ZsES ZmeM (Zheu G" Sm)}’t" (29)

where y,™ is the binary variable denoting if a maintenance action is re-
quired for wind turbine m in the maintenance cycle s, C;™ is the cost
for different types of maintenance, in which the costs for preventive
maintenance and opportunistic maintenance are related to the crack
depth.

Com = (@] = @p)Conl + (@) = 90)Com + (9 — ap)CVN (30)

where CUN CUN, CUN are the cost rate for repairing crack with depth

higher than @p, between ¢, and ¢, and below ¢,, respectively.

Com = (@] = po)Coml + (@ = apy)CN (31)
The mobilization costs Cy; are estimated as
— sl

it = X es Cono? (32)

where C;  is the mobilization cost for maintenance cycle s.

Crack size
(257 S ——
o= —.. e | — L
[/ TTTITTITRR TR [ R AN 4 NIRRT A SR T AN
[N 1 I f | ~
>
tl t 2 t 3 t4 t 5 t6 Time
C Wind turbine 1 <& Corrective replacement
Wind turbine 2 O Preventive maintenance
Wind turbine 3 A  Opportunistic maintenance

Fig. 5. Illustration of the proposed condition-based opportunistic maintenance strategy.
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The total inspection costs C; over the lifetime are calculated as
— Jom 1
G = Zje,] ZmEM Cin v/

where Cllnm is the inspection cost for wind turbine m in the j-th
inspection.

We use U = {JV,SV,CV} as the set of maintenance service vessel
types, where JV, SV, CV represent jack-up vessels, service operation ves-
sels, and crew transfer vessels, respectively. These vessels are used to
perform corrective maintenance, preventive maintenance, and oppor-
tunistic maintenance, respectively. The total transportation costs Cy are
calculated as

=Y > . (Zuez/ (C, +6v,) a)hy;;M>y13

where C, is the daily vessel cost, 6 is daily personnel cost, v, is the
number of the required maintenance personnel, w,, is the repair time.
Therefore, the annual O&M costs A, are calculated as

(33)

(34

_ GR+Cy+C+Cp
= T

A (35)

om

Another optimization objective is the average reliability of the
wind turbine throughout its lifetime. Reliability is directly correlated
with crack depth. When the crack depth remains small, the reliability
decreases slowly. However, once the crack exceeds a threshold, the re-
liability drops sharply. According to Eq. (27), the tower reliability for
wind turbine m at j-th inspection, Ry(a;?’), is estimated based on the cor-
responding failure probability. The average wind turbine reliability R,
is derived by

_ Zjej ZmeM Ry(a;'n)

th -
MT

(36)

2.4.3. Optimization method

The section formulates the O&M optimization model and describes
the process of searching for the optimal solutions among possible
options. The decision vector of the optimization problem is:
Q = [¢p. 0. ¢ (37)

The objective is to identify the optimal maintenance strategy which
maximizes the wind turbine reliability while minimizing the O&M ex-
penditure. The value of the optimal strategy Q* is described by the value
function:

Q* =argmin [ A, (Q), —Ry(Q)] (38)
Subject to:

a2 ¢p > @y 2 AN (39)
(ezt (40)
S.M,J ezt (41
T <Ty 42)
»"ef0,1} VseSmeMheH (43)

Constraint (39) restricts the logical relationship among the mainte-
nance thresholds and ensures that the thresholds lie within the range
between the initial and critical crack depths. Constraints (40) and (41)
restrict the corresponding parameters to be positive integers. Constraint
(42) ensures that the offshore wind farm lifetime fully covers inspection
schedules. Constraint (43) guarantees that each maintenance decision is
modeled as a binary variable.

The optimization problem involves nonlinearities, combinatorial re-
lationships, and multiple objectives. Among existing approaches, the

10

Applied Energy 424 (2026) 128501

Table 1
Parameters for crack growth modeling.
Symbol  Unit  Value
Crack growth coefficient c - 1.83x 10713
Crack growth exponent me - 3
Initial crack depth ag mm 0.1
Stress concentration factor SCF - 3.5

Table 2
Parameters for probabilistic engineering critical assessment.

Symbol  Unit Distribution =~ Mean Coefficient of
variation

Material yield oy MPa Normal 355 10%
strength
Material ultimate oy MPa Normal 550 10%
tensile strength
Material fracture Kyt MPay/m Normal 150  10%
toughness
Membrane stress [ MPa Normal 250 20%
Secondary stress og MPa Deterministic 100 -

Non-dominated Sorting Genetic Algorithm II (NSGA-II) is one of the
most widely used methods for multi-objective maintenance optimiza-
tion [107]. Owing to its effectiveness and suitability for solving complex
multi-objective problems [108], NSGA-II is adopted in this study as the
optimization method. After initializing the ranges of decision variables
and setting the parameters of the NSGA-II algorithm, an initial popu-
lation is generated. Each individual in the population is evaluated by
running the maintenance model to compute the two objective func-
tions, A,,n(Q) and R,(Q), and to determine whether the individual
satisfies the given constraints. Subsequently, the population undergoes
non-dominated sorting and crowding distance calculation. Then, the in-
dividuals are selected for crossover and mutation to generate offspring.
The parent and offspring populations are then combined to form an
intermediate population. Through elitism, the best individuals are pre-
served and selected to constitute the next generation. This process is
iteratively repeated until a predefined termination criterion is met.

3. Results and discussion
3.1. Scenario set-up

Japan’s first commercial-scale offshore wind farm is located at the
Akita Port and Noshiro Port, which has been in operation since January
2023 [109]. All turbines are bottom-fixed structures. The O&M base is
situated at Noshiro Port, and the designed operational lifetime of the
wind farm Ty is 20 years. The wind turbine tower is modeled following
the specifications in [110], with a tapered geometry characterized by a
base diameter of 6.0 m and thickness of 0.027 m, and a top diameter
of 3.87 m and thickness of 0.019 m. The parameters used in structural
integrity assessments are summarized in Tables 1 and 2.

For this case study, ten years of wind data for the coastal area at
Akita, Japan (14 December 2014 - 13 December 2024) were collected
directly from the NeoWins platform (Fig. 6) [111]. Because NeoWins
provides only daily mean records, our dataset comprises 3653 entries
of wind speed and corresponding wind direction classifications (each
assigned to one of 16 compass sectors). To represent a small coastal
wind farm, we overlay a virtual 3 x 3 turbine array on this site. The use
of NeoWins’ daily resolution data ensures that the simulation captures
the region’s prevailing wind condition characteristics while remaining
computationally efficient.

Due to the current lack of offshore wind O&M data in Japan, most of
the input O&M parameters in this study are referenced from wind energy
datasets reported in Europe. The exchange rate is approximated as 1 e ~
168 ¥. Tables 3 and 4 list the key parameters for maintenance types and
vessels [67,107,112-114]. Other parameter values are set as follows [60,
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Fig. 6. Wind resource around Akita area in NeoWins platform [111] (left), close-up view of Noshiro port in Google Maps (right).

Table 3
Repair costs and times [67,112-115].
Time (day) Cost (k¥)
Corrective maintenance 10 184,800
Preventive maintenance 2 -
Opportunistic maintenance 1 -
Inspection - 168
Table 4

Parameters for different types of vessels [107].

Daily cost (k¥) Number of technicians
Jack-up vessel 8400 20
Service operation vessel 3024 8
Crew transfer vessel 1344 4
Table 5
NSGA-II parameter setting.
NSGA-II parameter Value/type
Maximum generation 100
Population size 100
Mutation probability 0.17
Crossover probability ~ 0.67

Gaussian mutation
Intermediate crossover

Mutation operator
Crossover operator

67,112-117]: cost rates CUN = 168 k¥/mm, Cyil = 504 k¥/mm, Cji =
1008 k¥/mm, annual discount factor is 0.98, maintenance effectiveness
q = 0, critical crack depth ¢;, = 25mm, mobilization cost per maintenance
round is 8400 k¥, and technician daily cost is 100.8 k¥. Table 5 lists the
parameter settings for the NSGA-II optimization method.

3.2. Wind farm simulation results

3.2.1. Wind condition and wind farm configuration

Fig. 7 presents the wind rose at the study site, showing that the flow
is predominantly from the southeast sector, with the highest frequency
occurring at ESE (112.5°) and SE (135°), which together account for
approximately 50% of all wind directions. Moderate winds (3-7 m/s)
dominate across every direction but are particularly prevalent in the
SE-ESE sector. Higher speeds (7-11 m/s) occur most often in the same
southeast quadrant at roughly 5-10% frequency, while gusts exceed-
ing 11 m/s are rare (< 5%), even in the principal wind sector. Winds
from the opposite direction (NW) are sporadic and account for less than
10% of the record. Together, these data indicate a predominantly light-
to-moderate southeast wind resource and suggest that turbine nacelles
should be oriented toward the SE sector to maximize annual energy
yield. The probability density function of wind speed at the study site
(Fig. 8) exhibits a right-skewed, long-tailed distribution characterized by
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Fig. 7. Wind rose at Akita coastal area.
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Fig. 8. Probability density function of wind speed at the study site with two-
parameter Weibull fit.

a mean of approximately 4.1 m/s and a modal value in the 3-4 m/s range.
Maximume-likelihood estimation yields a two-parameter Weibull fit with
scale parameter 4.67 m/s and shape parameter 2.47, indicating a mod-
erately peaked distribution that decays steadily toward higher speeds.
Light-to-moderate winds (3-7 m/s) dominate the record, while stronger
winds in excess of 10m/s are rare. This behavior implies that the bulk
of annual energy production will occur under 3-7m/s conditions. Note
that all wind speeds are daily averages, which smooth out short-term
gusts and reduce the apparent frequency of high-speed events. This sim-
plification lowers computational complexity and provides a consistent
benchmark for evaluating the model proposed in this paper. The annual
distribution of daily averaged wind speed was used to characterize the
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Fig. 9. Benchmark 3 x 3 wind farm layout with 7D longitudinal and 5D lateral spacing under prevailing SE wind direction.

Table 6
Wind farm configuration.

Wind farm parameter Value/type

NREL 5 MW Reference Wind Turbine
3 x 3 (L:14D W:10D)

L:7D, W:5D

SE

Wind turbine

Wind farm layout
Turbine distance
Wind farm orientation

long-term wind climate and to identify representative mean wind-speed
bins. It should be noted that the daily averaged wind speed was not used
as the turbulent inflow time series for the fatigue simulations. Instead,
for each representative wind-speed bin, a 10 min turbulent inflow field
was generated independently using the prescribed bin-averaged mean
wind speed and the corresponding turbulence parameters. In this way,
the daily averaged wind-speed distribution was used only to provide
the long-term occurrence probability of different mean wind-speed con-
ditions, while the short-term turbulent fluctuations relevant to fatigue
loading were explicitly represented in the subsequent 10 min turbulent
inflow simulations.

The benchmark wind farm is arranged as a 3 x 3 rectangular grid
of turbines (T1-T9), with three rows aligned in the main wind direc-
tion (SE) and three columns perpendicular to it (Fig. 9). Longitudinal
spacing along SE is set to 7D to allow wake recovery under the domi-
nant southeast winds, while lateral spacing of 5D limits wake overlap
during side-winds. This configuration maximizes exposure of upstream
machines (T1-T3) to free stream flow and maintains acceptable inter-
row interference for oblique directions (e.g., ENE, SSE). Moreover, when
winds come from ESE, the 7Dx5D offset causes downstream turbines
to lie outside the core wake of their upstream neighbors, thereby in-
creasing incoming wind speed, boosting power production, and reducing
turbulence-induced fatigue loads on blades and towers. For the wind tur-
bine model, the NREL 5 MW reference wind turbine was selected in this
study as described in Table 6.

Fig. 10 shows the wind speed distribution for each of the 16 wind
direction sectors. In most sectors (e.g., N, ENE, E, S), wind speeds are
almost exclusively in the below-rated band (3-7 m/s, represented by
the 5 m/s bin), with vanishing or zero probability at 9 m/s and 13 m/s.
Only a handful of sectors, most notably ESE and SW, exhibit small but
non-negligible contributions at 9 m/s, and even fewer (W and WNW) at
13 m/s. By multiplying these directional occurrences by the three wind
speed bin probabilities, a full 16 x 3 JPD matrix was constructed and
zero-probability entries were discarded, yielding 27 unique inflow con-
ditions as shown in Table 7. This discretization was adopted to balance

12

computational cost and the need to represent the main wind climate and
turbine operating conditions. The 16 wind-direction sectors capture the
dominant directional variability of the site, while the three wind-speed
bins represent the below-rated, around-rated, and above-rated operat-
ing regimes, which have distinct load-response characteristics. Since the
long-term fatigue damage was calculated by weighting the fatigue con-
tribution of each inflow condition using its occurrence probability in
the JPD, this resolution was considered adequate for a representative
life-cycle fatigue assessment. Nevertheless, a finer discretization of wind
speed and wind direction may further improve the accuracy of site-
specific lifetime fatigue estimation and will be investigated in future
work.

Based on the 27 inflow conditions derived above, aeroelastic simula-
tions were carried out in FAST.Farm. For each of the three representative
wind speeds (5, 9, and 13 m/s), turbulent flow fields were generated
with TurbSim [118] using the IEC NTM model with Category C turbu-
lence. To cover all wind direction sectors without regenerating distinct
three-dimensional flow fields for each wind direction, a single turbu-
lence file per wind speed was employed, and the entire wind farm layout
was rotated about the turbine hub coordinates by the required wind di-
rection. By this method, consistent turbulence statistics were maintained
across all 27 FAST.Farm cases, directional variability was efficiently cap-
tured via coordinate rotation, and JPD-based probability weights were
incorporated.

3.2.2. Turbine loading and performance under wake

The comparison between the wake-affected and ideal no-wake cases
shows that wake effects significantly influence both wind farm energy
production and structural fatigue as described in Table 8. In the ideal
no-wake case, the annual energy production (AEP) is 40.810 GWh/year,
whereas in the wake-affected case it decreases to 32.296 GWh/year. This
corresponds to a reduction of 8.514 GWh/year, or 20.863%, indicating
that neglecting wake effects would clearly overestimate the farm’s power
output.

Wake effects also lead to a notable increase in fatigue loading. The
annual cumulative fatigue damage rises from 6.347 x 107 year™! in the
no-wake case to 9.377 x 107 year~! when wake effects are included, rep-
resenting an increase of 47.724%. This increase is much larger than the
relative AEP loss, suggesting that wake effects have an even stronger
impact on structural loading than on power generation. Overall, wake
effects impose a dual penalty on the wind farm by reducing energy
production and increasing fatigue damage. Although the present fatigue-
life-related values are mainly suitable for relative comparison, the results
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Fig. 10. Wind speed distributions across 16 wind direction sectors.

Wind speed-direction joint probability density.

Wind Below- Around-rated Above-rated
direction rated region region (9 m/s) region (13m/s)
(5m/s)

N 0.062378 0.000567 0.000000
NNE 0.000000 0.000000 0.000000
NE 0.000000 0.000000 0.000000
ENE 0.000547 0.000000 0.000000

E 0.003284 0.000000 0.000000
ESE 0.216147 0.007864 0.000674
SE 0.260950 0.004513 0.000000
SSE 0.000547 0.000000 0.000000

S 0.000547 0.000000 0.000000
SSwW 0.012808 0.000876 0.000000
SW 0.044973 0.001825 0.000000
WSW 0.045111 0.008475 0.000000
w 0.074986 0.021241 0.002569
WNW 0.052724 0.021607 0.001750
NW 0.061461 0.016535 0.000000
NNW 0.071272 0.000430 0.000000

clearly show that ignoring wake effects would underestimate structural

fatigue while overestimating annual energy yield.
Fig. 11 presents the wind farm flow fields under a mean inflow wind

speed of 9 m/s for three representative wind directions. For inflow from
the southeast (left panel) and southwest (right panel), the wakes gener-
ated by the upstream turbines extend downstream, causing substantial
velocity deficits for most of the turbines located behind them. In par-
ticular, for the southwest direction, the shorter turbine spacing means
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Table 8
Comparison of AEP and annual cumulative fatigue damage between no-wake
and wake-affected cases.

Case AEP (GWh  AEP change (%) Cumulative fatigue Fatigue damage
/year) damage (year™!) change (%)

No wake 40.810 - 6.347 x 107 -

With wake 32.296 —20.863 9.377 x 107 +47.724

that the wakes from the upstream turbines have insufficient distance to
recover before impinging on the downstream rotors. Under such con-
ditions, wake interactions are pronounced, with multiple downstream
turbines located within overlapping wake regions, resulting in broader
and more persistent low-speed zones. However, given the relatively low
probability of occurrence of SW direction, its contribution to the overall
accumulated fatigue loading of the turbines is comparatively small. In
contrast, for the ESE (mid panel) direction, the turbine wakes are stag-
gered relative to the downstream turbines, so that most downstream
turbines are positioned outside the direct wake zones of the upstream
units. This configuration substantially reduces both the extent and sever-
ity of velocity deficits, allowing higher inflow speeds at the downstream
rotors and avoiding additional turbulence. Consequently, power losses
and fatigue loads are both reduced in this wind direction.

To investigate the loading conditions of wind turbines in the wind
farm for different wind directions, turbines enclosed by the red box (T4,
T5, and T6) and the blue box (T2, T5, and T8) were selected for fur-
ther analysis. All evaluation metrics were normalized with respect to
the maximum value observed across the three wind turbines and the
three wind directions.
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Fig. 11. Instantaneous wake flow field of wind farm for an incoming wind direction of SE, ESE and SW for wind speed of 9 m/s, wind turbines enclosed by red box

(T4, T5 and T6) and blue box (T2, T5 and T8) are selected for loading analysis.
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Fig. 12. Normalized statistical results of wind turbine base moment, power production and tower base DEL for wind turbines T4, T5 and T6.

The spatial distribution of wakes under different wind directions
(Fig. 11) provides a physical basis for interpreting the observed vari-
ations in structural loading and power production. For inflow from the
SE direction, the upstream turbine T4 generates a wake that extends
directly toward T5 and T6, causing substantial velocity deficits and in-
creased turbulence intensity in the downstream flow. These velocity
deficits have a dual effect on fatigue loading: first, by increasing the
added turbulence intensity, and second, by reducing the rotor speed such
that the blade passing frequency approaches the first natural frequency
of the tower, which can amplify structural response and accelerate fa-
tigue damage [41]. This is reflected in the tower base moment results
(Fig. 12), where T4 exhibits values approximately 20% higher than T5
and T6 in terms of instantaneous loading. However, when considering
the DEL, T5 and T6 show significantly higher values, demonstrating
that the combined effects of wake-induced turbulence and frequency
proximity contribute substantially to long-term fatigue loading.

A similar pattern is observed for power production, with the down-
stream turbines experiencing reduced output due to wake deficits. In the
ESE direction, the lateral shift of the wake results in partial flow recov-
ery for T5, increasing the inflow wind speed and reducing its fatigue
loading to a level comparable with T4. For T6, however, more complex
wake interactions, originating from both T2 and T3, lead to a smaller
reduction in fatigue loading, which nevertheless remains relatively high
despite improved inflow conditions. When the inflow shifts to the SW di-
rection, T4, T5, and T6 are positioned at the same downstream distance
from the inflow, resulting in nearly identical fatigue loading and power
output, as expected from the symmetric exposure to upstream wakes.

In contrast, the situation is reversed for turbines T2, T5, and T8
(blue box). For the SW direction, the downstream turbines T5 and T8
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experience increased fatigue loading due to the wakes from their re-
spective upstream turbines as shown in Fig. 13. The effect is amplified
by the shorter turbine spacing, reduced from 7D to 5D, which limits
wake recovery and intensifies turbulence. Consequently, fatigue loading
increases more sharply, and power production decreases more rapidly
compared with the red-box turbine group. This comparison highlights
the combined influence of wake alignment, turbine spacing, and wind
direction on both energy yield and structural fatigue in wind farms.

Figs. 14 and 15 present the weighted tower base moments, power
production, and tower base DEL, where each wind direction is weighted
by its probability of occurrence and normalized by the no-wake refer-
ence turbine. In the dominant SE wind direction, the influence of turbine
wakes becomes even more pronounced when long-term directional oc-
currence is taken into account. The persistent exposure of downstream
turbines such as T5 and T6 to the wake of their upstream neighbors leads
to a further reduction in power output and a marked increase in lifetime
fatigue loading. This amplified contribution demonstrates that frequent
but moderate wake deficits can dominate long-term structural damage
accumulation.

For the second most frequent direction, ESE, the lateral displacement
of the wake substantially mitigates its impact. As the downstream tur-
bines move partially outside the high-deficit wake core, both the DEL
and power loss are significantly reduced for T5 and T6. The weighted
results therefore highlight the strong dependence of long-term tur-
bine performance on wake alignment and the prevailing wind-direction
distribution.

Overall, these findings underscore the importance of wake-control
strategies, such as wake steering or active yaw misalignment, in improv-
ing wind-farm-level efficiency. By reducing wake overlap in dominant
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Fig. 13. Normalized statistical results of wind turbine base moment, power production and tower base DEL for wind turbines T2, T5 and T8.
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Fig. 15. Weighted normalized statistical results of wind turbine base moment, power production and tower base DEL for wind turbines T2, T5 and T8.

inflow sectors, such control approaches have the potential to simultane-
ously enhance energy yield and mitigate accumulated fatigue loads.

For turbines T2, T5, and T8, the weighted results in the dominant
SE direction indicate that their wake-influenced operating conditions
are largely similar. As a consequence, the differences in power produc-
tion primarily arise from subtle variations in the inflow field rather than
from fundamentally different wake exposure, and their DEL values re-
main nearly identical. This behavior contrasts markedly with that of
turbines T4, T5, and T6 in the red-box group, which exhibit pronounced
disparities under the same wind direction.

In the SW direction, which is nearly perpendicular to SE, the wake
orientation aligns with the row formed by T2, T5, and T8. This align-
ment leads to greater divergence in both power output and DEL among
the three turbines, reflecting the stronger sensitivity of their loading
characteristics to wake sequencing when the wake is directed along
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their streamwise alignment. However, because the SW direction occurs
with relatively low frequency, its contribution to the weighted metrics
is much less apparent after accounting for directional probability.

These observations indicate that, from a long-term perspective, the
influence of turbine wakes on annual power production and structural
loading must be evaluated in conjunction with the wind-direction dis-
tribution of the specific site. Only by considering both wake severity
and directional occurrence can the cumulative impact on wind farm
performance be accurately assessed.

3.3. Structural integrity results

3.3.1. Fatigue crack growth
Fig. 16 presents a comparison of fatigue crack growth across nine
turbines subjected to wake effects and a single turbine simulation where
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Fig. 16. Fatigue crack growth comparison among nine wind turbine structures
and simulation without wake effects.

wake effects are not considered. While all curves exhibit the expected
nonlinear growth characteristic of fatigue crack propagation in accor-
dance with the Paris’ law, there is significant variation in the crack
growth rates among the individual turbines. Notably, Turbine 1 shows
the slowest crack growth, with a 25 mm depth crack forming after ap-
proximately 12.6 years of operation, whereas Turbine 5 exhibits the
fastest crack propagation, reaching through-thickness crack after just
7.4 years. The single-turbine simulation, which excludes the wake ef-
fects, results in a crack growth rate that lies between the slowest and
fastest wake-influenced cases (closer to the slowest case), with through-
thickness failure occurring at 11.6 years. In other words, the structure
lifetimes vary from —36.2% to + 8.6% under wake effects compared
to the single-turbine simulation. If such a simulation is used to inform
inspection and maintenance planning, it may lead to a significantly de-
layed intervention, increasing the risk of undetected damage progression
and potentially catastrophic failure. Likewise, an overly conservative in-
spection and maintenance plan may be applied to turbines operating
under significantly less severe loading conditions, leading to inefficient
use of resources. Overall, this comparison highlights that wake effects
can cause substantial differences in structural degradation, which may
have significant implications for maintenance planning and optimiza-
tion. Analysis of the associated loading characteristics suggests that this
is influenced not only by differences in loading magnitude but also by
variations in loading rate, with some turbines experiencing a higher
number of dynamic load cycles within the same service life, which is
more detrimental to the fatigue performance.

3.3.2. Crack acceptability and structural reliability

Fig. 17 illustrates the relationship between crack size and struc-
tural reliability. A clear decreasing trend is observed, characterized by
three stages of degradation. When the crack size is less than approxi-
mately 5 mm, the reduction in reliability is modest. Beyond this point,
the rate of decrease slows down, indicating that further crack growth
does not lead to a substantial reduction in reliability. Up to a crack
size of about 15-16 mm, the structural reliability remains above 0.9.
However, once the crack size exceeds this threshold, further growth re-
sults in a pronounced decline in structural reliability. This nonlinear
degradation behavior can be attributed to the inherent nonlinearity of
the FAD, which establishes the failure assessment line and evaluates the
assessment point by jointly considering fracture mechanics and plastic
collapse criteria. As illustrated in Fig. 18, the structural response tran-
sitions from plastic collapse-dominated failure at small crack sizes to
combined plastic collapse and fracture failure at larger crack sizes.
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Fig. 18. Example Monte Carlo simulation results of the engineering critical
assessment with different crack sizes (black line: FAL).

This observation underscores the importance of recognising damage
tolerance in structural integrity management. The relatively slow rate
of reliability degradation at intermediate crack sizes indicates that the
structure retains a considerable margin of tolerance to damage in this
regime, such that inspection or intervention may not be immediately
necessary from a structural integrity perspective. In contrast, once the
failure is considerably influenced by fracture, reliability may deteriorate
rapidly, highlighting the critical importance of timely inspection and in-
tervention before crack sizes approach this threshold. If decision-making
is guided solely by crack size, without accounting for its structural ac-
ceptability and tolerance, these insights will be overlooked and the
resulting decisions may be sub-optimal.

3.4. Operation and maintenance results

Based on the previous wake effect simulations and the derived crack
propagation results of individual turbines, this section presents the O&M
optimization results of the offshore wind farm, along with a comparative
analysis.

3.4.1. Optimization results

By applying the multi-objective optimization algorithm NSGA-IL, a
set of solutions balancing cost minimization and reliability maximiza-
tion is obtained. Fig. 19 illustrates the optimization process. As the
number of iterations increases, the population gradually converges to-
ward a stable state, suggesting that the obtained results are reliable. The
multi-objective optimization yields a set of trade-off solutions that are
mutually non-dominated, collectively forming the Pareto front, as they
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Fig. 20. Pareto front at the 100th generation.

outperform all other solutions across one objective. The Pareto front
formed by all non-dominated solutions at the 100th generation is il-
lustrated in Fig. 20. It consists of two priority solutions, namely a cost
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priority solution and a reliability priority solution, and compromise so-
lutions between them. The values of the decision variables at the Pareto
front are listed in Table 9. It is observed that the cost priority solution
yields a value of A, = 3346.8k¥and R, = 0.9634 and the reliability
priority solution shows a value of Ay, = 17,192.8k¥and R, = 0.9795.
The performance of the remaining solutions lies between those of the
two priority ones.

These solutions provide practical guidance for offshore wind farm
O&M decision-making. If cost minimization is the primary concern, a
cost-priority strategy can be adopted, accepting lower but still accept-
able reliability in exchange for reduced maintenance expenditure. If
reliability is prioritized, reliability-priority solutions become preferable,
as they maximize turbine reliability and reduce the risk of unexpected
failures under less restrictive budget constraints. When both cost and
reliability matter, compromise solutions offer a balanced strategy that
manages the trade-off between the two objectives without excessively
sacrificing either. It should be noted that this Pareto front is derived
under a deterministic setting, namely under the assumptions that the
turbine states are fully observable and the model parameters are ac-
curately known. If uncertainty is further introduced, such as parameter
imprecision or partial state observability, the Pareto front is expected to,
according to a previous study [107], become more dispersed and span
a wider range.

3.4.2. Comparative analysis

The optimization results presented in Section 3.4.1 are based on a
scenario that accounts for the wake-induced differences in crack growth
among turbines at different locations. To highlight the impact of the vari-
ations in degradation rates on maintenance performance, we perform a
comparative analysis between the approaches considering and ignoring
degradation variations.

Existing studies on maintenance planning for load-induced cracks
have been conducted mainly at the single-turbine level, where only
the degradation process of an individual turbine is considered, while
the farm-level interactions and state heterogeneity among turbines are
largely neglected. When the optimized maintenance strategy derived un-
der such a single-turbine scenario is directly extended to the wind-farm
level, a potential mismatch arises. This is because the maintenance strat-
egy can be essentially regarded as a state-triggered decision mechanism
defined by the decision variables ((pp, @,,¢). Such a decision mechanism
is derived based on a single, homogeneous degradation pattern. In a real
offshore wind farm, however, wake effects induce different structural
degradation rates and trajectories across turbines. Therefore, this main-
tenance strategy may become inappropriate at the farm scale, potentially
resulting in under-maintenance for more severely degraded turbines and
over-maintenance for less affected ones.

To quantify the decision bias induced by neglecting degradation
heterogeneity, a multi-objective optimization scenario is constructed,

Table 9

Optimized values of the decision variables in the Pareto front.
No @p(mm) @,(mm) ¢(day) Agm k¥ Ry No ¢p(mm) @, (mm) ¢(day) Agm (k¥) Ry
1 2.27 0.30 813 3346.8 0.9634 16 0.66 0.18 366 5007.9 0.9780
2 3.83 0.30 610 3473.7 0.9666 17 0.67 0.21 306 5245.5 0.9781
3 2.50 0.34 609 3510.2 0.9668 18 0.47 0.15 782 5546.4 0.9783
4 2.29 0.22 609 3546.6 0.9669 19 0.34 0.19 742 5556.6 0.9785
5 4.49 0.33 494 3678.7 0.9674 20 0.41 0.21 519 5829.3 0.9786
6 3.06 0.37 491 3699.3 0.9678 21 0.32 0.18 501 5870.5 0.9787
7 3.31 0.20 488 3703.8 0.9684 22 0.41 0.10 490 5913.0 0.9788
8 3.72 0.31 406 3842.3 0.9696 23 0.38 0.10 367 6226.2 0.9789
9 3.07 0.26 348 4067.0 0.9702 24 0.27 0.17 430 7180.5 0.9790
10 3.76 0.32 304 4208.5 0.9707 25 0.29 0.11 406 7314.2 0.9791
11 0.73 0.10 924 4288.2 0.9765 26 0.28 0.10 307 7684.7 0.9792
12 0.77 0.25 629 4477.3 0.9770 27 0.25 0.12 353 8696.2 0.9793
13 0.65 0.17 610 4516.2 0.9775 28 0.21 0.13 236 10,515.6 0.9794
14 0.67 0.18 457 4758.7 0.9778 29 0.15 0.10 124 17,192.8 0.9795
15 0.57 0.23 369 4994.7 0.9779
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Fig. 21. Comparison of solutions considering and ignoring wake-induced crack
growth variations.

in which the degradation differences among turbines are ignored, and
the resulting Pareto set is referred to as Pareto front 2. It should be
noted that the cost and reliability performance of the solutions on
Pareto front 2 only represent their apparent optimality under the ho-
mogenized assumption, rather than their actual performance in a real
wind farm. This is because the corresponding scenario assumes identi-
cal degradation evolution for all turbines and neglects the crack-growth
differences induced by wake effects, which are unrealistic in practical
operation.

The solutions on Pareto front 2 are re-evaluated under the sce-
nario that accounts for wake-induced differences in crack propagation
(i.e., the same scenario as in Fig. 20). The performance of these solu-
tions is compared with that of the original Pareto front, referred to as
Pareto front 1, in Fig. 21. This comparison reveals that Pareto front 1
completely dominates the solutions on Pareto front 2. In other words,
maintenance strategies derived under the traditional approach, where
wake-induced crack growth is ignored, lead to higher maintenance costs
and lower reliability when applied to real-world scenarios that do in-
clude wake effects. Moreover, the solutions on Pareto front 2 exhibit
a wide distribution. In some extreme cases, the reliability drops below
0.9, and the maintenance cost exceeds 24,000 k¥, indicating substan-
tial risks. This highlights that neglecting wake effects and the resulting
spatial variations in crack growth can lead to serious decision-making
errors and significantly impair the overall maintenance performance of
the offshore wind farm.

Further examining the entire solution sets, the average maintenance
cost and reliability of the solutions on Pareto front 2 are 10,428.0 k¥and
0.9574, respectively, whereas those on Pareto front 1 are 5651.4 k¥and
0.9747. This indicates an average increase of 84.5% in cost and an av-
erage decrease of 1.8% in reliability. This comparison is demonstrated
in Table 10. The underlying reason may lie in the failure to account
for wake-induced crack growth variations, which leads to both under-
maintenance and over-maintenance. Since most maintenance thresholds

Table 10
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fall within a region where structural reliability is relatively insensitive
to minor crack growth differences, the impact on reliability is limited.
However, these thresholds have a direct and significant effect on mainte-
nance triggering and associated costs. An inappropriate threshold setting
can either result in overly frequent maintenance actions or in delayed
maintenance leading to a high risk of structural failure, so substantial
financial losses will be caused in these cases.

4. Conclusions and future work

Wake-induced heterogeneity in offshore wind farms is not merely a
local aerodynamic issue, but a cross-layer problem whose consequences
can accumulate from turbine-level operating differences to broader im-
pacts on energy production, fatigue loading, structural deterioration,
reliability, and lifecycle asset performance at the wind farm level.
However, this propagation mechanism has not been systematically un-
derstood in the existing literature. To address this gap, this study has
developed a comprehensive framework to systematically assess the mul-
tidimensional implications of wake-induced heterogeneity in offshore
wind farms. The proposed framework couples three key models: (i)
wake aerodynamics, modeled through joint wind condition distributions
and a dynamic wake meandering model; (ii) structural integrity analy-
sis, conducted via a physics-based crack growth model using Paris’ law
and probabilistic ECA; and (iii) maintenance management, enabled by a
condition-based opportunistic maintenance model with multi-objective
optimization of inspection and repair decisions.

A case study on the Akita offshore wind farm in Japan was used
to demonstrate the applicability of the proposed framework. For the
investigated representative 3 x 3 layout and the adopted modeling as-
sumptions, the results indicate that wake-induced heterogeneity can
have substantial multidimensional impacts on offshore wind farm per-
formance, reducing overall energy production efficiency by 20.9%,
increasing fatigue loading by 47.7%, inducing structural lifetime varia-
tions from —36.2% to + 8.6% across turbines, lowering wind turbine
reliability by 1.8%, and increasing lifecycle O&M costs by 84.5%. These
findings suggest that incorporating wake-induced heterogeneity may
provide a more informative basis for project appraisal, maintenance
planning, and long-term asset management. However, the present case
study should be interpreted as a proof-of-concept demonstration rather
than a full-scale validation. Although the modular framework is con-
ceptually extendable to larger wind farms, further work is required
to examine its scalability, computational efficiency, and robustness
under different layouts, environmental conditions, turbine types, and
maintenance settings.

Several directions deserve further investigation in future. First, al-
though this study focuses on tower crack growth, the framework can
be extended to other key components, such as blades and mooring
systems, which involve different degradation mechanisms and main-
tenance requirements. Second, the current framework assumes fully
known wake-induced loading histories, whereas in practice such in-
formation may be uncertain or only partially observable. This could
be addressed in future work by incorporating state-estimation meth-
ods, such as Bayesian inference, Kalman filtering, or particle filtering,
to support real-time degradation tracking under uncertainty. Third, a
finer discretization of wind speed and wind direction may further im-
prove the accuracy of site-specific lifetime fatigue estimation and will
be investigated in future work. Finally, beyond cost and reliability,
future studies may incorporate environmental metrics, such as vessel

Performance comparison of solutions considering and ignoring wake-induced crack growth variations.

Pareto front 1

Solutions on Pareto front 2

Cost priority ~ Reliability priority =~ Average  Cost priority ~ Reliability priority =~ Average
Maintenance costs (k¥)  3346.8 17,192.8 5651.4 27,100.0 19,266.2 10,428.0
Reliability 0.9634 0.9795 0.9747 0.8371 0.9795 0.9574
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emissions or the lifecycle carbon footprint of maintenance, to support
more sustainability-oriented assessments.
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