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Highlights: 

 Probabilistic digital twin framework for corrosion-fatigue prognosis. 

 Bayesian inference updates multi-phase physics models using online sensor data. 

 Applied to floating offshore wind turbine towers under stochastic loads. 

 Condition-based strategy reduces lifecycle maintenance costs by roughly 65%. 

 Probabilistic maintenance oversight reduces operational downtime by 58%. 

Abstract: Floating offshore wind turbines face growing integrity-management challenges caused by 

coupled corrosion and fatigue in harsh marine environments. Existing digital-twin frameworks are not 

yet well suited to combine multi-phase degradation physics with dynamic uncertainty quantification for 

this problem. To address this gap, this paper proposes a probabilistic digital twin framework that integrates 

sensor data acquisition, multi-physics simulation, and Bayesian inference for corrosion-fatigue prognosis. 

A three-phase damage evolution model is formulated to represent the transition from corrosion pitting 

to short-crack growth and long-crack propagation. Operational observations are assimilated recursively 

to update fatigue parameters and remaining useful life estimates. The framework is demonstrated using 

the IEA 15 MW reference wind turbine. The updated model identifies the onset of accelerated crack 

propagation at year 20 and reduces the 95% remaining-useful-life confidence interval from 40.4 years 

to 3.4 years. A maintenance strategy based on the updated failure probability reduces operational 

downtime by 58% and lifecycle cost by approximately 64.9% compared with a fixed-interval strategy. 

The results indicate that probabilistic updating can support more transparent inspection and maintenance 

decisions for floating offshore wind turbine structures under corrosion-fatigue degradation. 

Keywords: floating offshore wind turbine; corrosion-fatigue; digital twins; structural health monitoring; 

condition-based maintenance; prognostic health management; remaining useful life; Bayesian inference 
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1. Introduction 

Wind energy is seen as one of the key means for the world to reduce the carbon emissions and is 

projected to produce over 30% of global electricity by 2050, which would lead to an annual decrease of 

CO2 emissions of around 14,871 million tons [1–3]. Although historically, onshore methods have been 

the accessible choice, the wind industry steps a new route to sea due to the need for high-quality wind 

resources and the threatening shortage of the available land sites [4,5]. However, as water depths exceed 

60 m (where 80% of the global offshore wind resources are located) traditional fixed-bottom offshore 

wind structures are no longer technically or economically feasible [6,7]. Hence, floating offshore wind 

turbines are viewed as the necessary technological innovation for the commercialization of deep-water 

offshore sites. These turbines have the added benefits of improving wind resources since they can be 

moored further from shore and benefit from stronger and more consistent winds, as well as reducing 

visual and acoustic impacts compared to near-shore fixed-bottom structures [8,9]. 

However, the floating offshore wind turbines are largely constrained by excessive operation and 

maintenance (O&M) costs, which makes the economic model difficult to realize. The O&M costs make 

up 20%–25% of the levelized cost of energy in wind power systems with logistics factors causing up to 

57% of this outlay depending on variables like distance to shore and water depth [10–12]. The economic 

burden is increased by the weather’s impact on the service vessels, e.g., the service vessels have to be 

secured and hence require good weather. For example, the combination of strong waves and high wind 

speeds can make it unsafe for crew boats to operate and reach the site facility. Similarly, these loads can 

also cause the available maintenance windows to decrease by almost 5% thereby complicating logistics 

and the risk of turbine downtimes due to the inaccessibility goes up [13,14]. Furthermore, the expansion 

of offshore deployment increased transit times and the fuel burn, thus incorporating larger and specific 

vessels while promoting smart route optimization to contain the escalating logistical costs [15,16]. 

To solve these economic and logistical inefficiencies, the industry is more and more shifting from 

reactive, corrective maintenance methods to predictive, condition-based maintenance (CBM). While 

corrective maintenance leads to high costs as a result of unplanned downtime and emergency 

mobilization of heavy-lift vessels, CBM uses condition monitoring to facilitate early intervention before 

catastrophic failure [17,18]. Empirical evidence shows that the implementation of advanced CBM 

methods can cut direct O&M costs by up to 8% and yearly maintenance costs by some 32% to 39% 

compared to traditional corrective methods [18,19]. By correctly optimizing inspection intervals based 

on the actual degradation status of critical components, CBM reduces production losses and optimizes 

the utilization of restricted weather windows. Hence, CBM creates a critical path to lowering the general 

levelized cost of energy of floating offshore wind projects [17,20]. 

Among the components of floating offshore wind turbines, the tower base is identified as highly 

vulnerable to cumulative fatigue damage. Differently from its fixed-bottom counterpart, the tower base 

of a floating platform is in the superposition of high-cycle axial stresses originating from aerodynamic 

thrust and low-frequency bending moments exerted by hydrodynamic wave excitations [21,22]. Such 

vulnerability is exacerbated in the splash zone, where the structure is constantly exposed to alternating 

wetting and drying cycles, which increase the rate of electrochemical degradation [23,24]. Moreover, 

the tower base is also subjected to the largely unpredictable mechanical loads due to the directional 

variability of wind and waves as well as to the severe corrosiveness of the saline marine environment. 



Smart Constr.  Article 

 3 

Mechanical fatigue and chemical corrosion hereby combine to jeopardize the overall integrity of the 

tower base [25,26]. 

The development of material degradation in such environments can be roughly regarded as a 

non-linear transition from electrochemical degradation on the surface to mechanical degradation in the 

form of fractures. In the early stage, local anodic dissolution causes the formation of corrosion pits. 

These pits will subsequently be stress concentrators, and mechanical stretching at these locations will 

lead to cracks initiated at the edge of pitting [27,28]. After the cracks are formed, their advancement will 

be substantially influenced by the variable amplitude loading. The interaction between the different 

loading sequences and the overloads can cause to unexpected increase the crack growth rates mainly due 

to variation in the plastic zone created by the crack [29,30]. The co-action of corrosion and mechanical 

loading (corrosion-fatigue) highlights that the current linear summation of damage is not able to 

realistically estimate the loss of material life, as well as to model in the proper way the dynamics in the 

processes of pitting corrosion and fatigue crack growth under variable environmental loading [31,32]. 

Apart from the physical complexity, the environmental performance and their induced material 

behavior present significant uncertainty. Concerning environmental conditions, fatigue life predictions 

are deeply sensitive to random waves and salinity changes, which will affect the corrosion-fatigue crack 

advance through variations in the electrochemical activity in the crack vicinity [33,34]. In the other 

aspect, uncertainties concerning material databases (fatigue resistance scatter, weld geometry) can lead 

to substantially different results compared to theoretically predicted values [35,36]. Changes in input 

values can cause differences in the estimated fatigue resistance [37]. Consequently, the actual design life 

based exclusively on static deterministic models is considered more and more inappropriate [34,38]. 

Data-driven approaches, especially those leveraging deep learning, have emerged as promising 

alternatives to traditional deterministic modeling for structural health monitoring and prognosis. These 

methods excel at detecting intricate, non-linear relationships without requiring explicit physical laws. 

However, their use in offshore wind energy faces major hurdles due to limited data availability. Effective 

deep learning models demand extensive, high-quality datasets that include labeled failure instances. 

Such resources are scarce in this sector. The offshore wind industry struggles to compile such datasets 

because of high reliability standards and the relatively recent deployment of floating platforms [39,40], 

resulting in few recorded failure cases suitable for training. Moreover, harsh marine conditions often 

compromise sensor performance, leading to incomplete or noisy measurements. This makes it difficult 

to differentiate real structural deterioration from artifacts caused by sensor malfunctions [41,42]. While 

strategies like semi-supervised learning and synthetic data generation have been proposed to mitigate 

data shortages, purely data-dependent models often fail to generalize across different turbine 

configurations or damage types, undermining the accuracy of prognostic predictions when applied 

beyond their initial scope [43,44]. 

In response to these challenges, particularly in environments with limited operational data, the 

industry has increasingly adopted the digital twin concept as a holistic solution for system integration. 

Unlike fixed numerical models, a digital twin functions as a living virtual replica that evolves alongside 

its physical counterpart by integrating real-time sensor inputs. This enables capabilities such as virtual 

sensing and predictive diagnostics [45–47]. Although the digital twin framework allows for the fusion 

of physics-based simulations with empirical data, its application in real-time fatigue assessment is often 

hindered by high computational demands and the rigidity of conventional physical models. While 



Smart Constr.  Article 

 4 

traditional physics-based twins are grounded in solid mechanical principles, they typically lack the 

adaptive capacity to account for evolving material degradation and variable environmental loads. 

Without continuous updating of uncertain parameters, these models can produce significant prediction 

errors [48,49]. Consequently, the performance of a digital twin relies on the fidelity of its underlying 

simulations and on its ability to assess and minimize uncertainty through iterative model calibration [50]. 

To meet the need for adaptability, Bayesian inference offers a solid mathematical framework for 

integrating sparse inspection data into physics-based fatigue models [51]. By treating key parameters 

(e.g., crack growth coefficients) as stochastic variables with evolving probability distributions, Bayesian 

approaches enable digital twins to be continuously refined as new information arrives [52,53]. This 

iterative updating is especially valuable in offshore wind settings, where sensor noise and changing 

environmental conditions can undermine the reliability of fixed parameter estimates. As real-time 

measurements are incorporated, the posterior distributions of degradation parameters grow more 

accurate, leading to reduced uncertainty in predictions of remaining useful life [54,55]. 

While such probabilistic methods have been extensively tested and validated for mechanical fatigue 

monitoring, their extension to combined corrosion-fatigue scenarios remains an emerging area. 

Significant progress has been achieved in assessing drivetrain and blade components, where digital twins 

that combine torsional dynamic models with hybrid physics-informed machine learning have 

successfully estimated both fatigue damage and remaining lifespan [45,48,56]. Nevertheless, fewer 

established frameworks exist for modeling the coupled corrosion-fatigue degradation of support 

structures. Recent efforts show promise: artificial intelligence (AI)-powered digital twins for tower bases 

now employ Gaussian processes to model interactions between corrosion and fatigue [51]. Moreover, 

adaptive control strategies based on time-dependent probabilistic models have been proposed to improve 

corrosion-fatigue reliability in ring-flange joints [57]. Other studies have integrated finite element 

simulations with machine learning for lattice-tubular towers, demonstrating the feasibility of combining 

structural health monitoring data with probabilistic assessments of corrosion-fatigue progression [58]. 

Despite these advances, a notable gap persists between detailed degradation modeling and practical 

economic decision-making in floating wind energy. Many existing approaches rely either on data-heavy 

AI techniques or simplified linear damage accumulation rules, which often fail to capture complex 

electrochemical behaviors, such as the shift from pitting corrosion to crack growth, that are crucial in 

splash zone failures. Furthermore, while probabilistic risk assessments are increasingly used, few studies 

effectively link Bayesian updating of multi-phase physical parameters with maintenance planning 

optimization through utility theory. Consequently, there is a clear need for a probabilistic digital twin 

framework capable of accurately representing the nonlinear physics of corrosion-fatigue interactions and 

directly translating updated risk estimates into cost-efficient, reliability-driven maintenance strategies 

for floating offshore wind turbines. 

To address this challenge, the study presents a probabilistic digital twin framework designed to 

support the lifecycle management of floating offshore wind turbines subject to combined corrosion and 

fatigue degradation. The innovation lies in combining a multi-phase damage evolution model, which 

captures the transition from corrosion pitting to fatigue crack growth, within a recursive Bayesian 

inference system. The framework dynamically integrates real-time operational sensor data. This 

continuous input refines the probability distributions of critical fatigue parameters, thereby reducing 

uncertainty in remaining life estimates. A decision-support module, grounded in Bayesian decision 
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theory, is also included to evaluate maintenance options quantitatively and optimize inspection 

scheduling. The approach is illustrated through a case study based on the IEA 15 MW reference turbine 

mounted on a semi-submersible platform, offering a physics-informed strategy to enhance structural 

reliability, especially in data-scarce marine settings. 

The paper is structured as follows: Section 2 outlines the digital twin architecture, focusing on the 

multi-phase corrosion-fatigue process and the mathematical basis for Bayesian updating. Section 3 

presents the case study, detailing the turbine model setup, simulated crack propagation scenarios, and a 

comparison of different maintenance approaches. Section 4 concludes with a summary of key results 

and a discussion of the framework’s potential impact on offshore wind asset management. 

2. Probabilistic digital twin framework for corrosion-fatigue lifecycle management 

2.1. Framework architecture and operational strategy 

The proposed digital twin framework is designed to be modular and adaptive, integrating physical 

principles with actual operational conditions. As illustrated in Figure 1, the system operates through 

three interconnected, hierarchical stages (data acquisition, probabilistic modeling, decision support) that 

function within a continuous feedback loop. This approach supports two-way data exchange: sensor 

inputs are used to refine degradation models, while revised risk estimates inform and improve 

inspection strategies. 

 

Figure 1. Architecture of the proposed probabilistic digital twin framework. 
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While definitions of digital models, digital shadows, and digital twins differ across engineering 

fields, recent efforts have converged on three essential characteristics of a true digital twin: a physical 

asset, its virtual representation, and real-time, bidirectional communication between them. Under this 

classification, a digital model involves manual data transfer, and a digital shadow allows automated data 

flow from the physical to the virtual side but lacks feedback in the reverse direction. A full digital twin, 

however, requires automated, two-way interaction to support lifecycle optimization [59,60]. In this 

framework, sensor data continuously updates the degradation model using Bayesian inference, and the 

resulting risk evaluations shape maintenance and inspection planning. Although the physical feedback 

occurs through scheduled human-led interventions rather than direct autonomous actuation, the 

seamless, automated exchange of data, model refinement, and decision-making ensures synchronized 

lifecycle management. Consequently, the system goes beyond the constraints of a one-directional digital 

shadow and meets the recognized criteria for a digital twin in structural asset management. 

The very first step in the entire operation is the gathering of basic environmental and structural data 

(Phase I). Subsequently, the data is used in Bayesian multi-physics simulations to bring about the model 

correction (Phase II). The revised models then play an important role in the formulation of effective 

maintenance plans (Phase III). 

Central to the computational kernel in Phase II is the detailed, multi-phase characterization of 

corrosion-fatigue deterioration. This characterization is the starting point for the selected probabilistic 

modeling strategy. The damage development process is segmented into three distinct sections: (i) 

corrosion-driven phase; (ii) competition phase; and (iii) fatigue-driven phase. The initial corrosion-driven 

phase is mainly run by electrochemical processes at the microscale level. In this time, the surface 

irregularities and stress concentrators promote the crack initiation. The increase in this area is determined 

by the effects of environmental and mechanical factors [61]: 

𝑑𝑎𝑠1
𝑑𝑡

= (
𝑑𝑎𝑠1
𝑑𝑡

)
𝑐
+ (

𝑑𝑎𝑠1
𝑑𝑡

)
𝑓
 (1) 

where 𝑎𝑠1  represents the length of the micro-crack, 𝑡  stands for time, and the subscripts 𝑐  and 𝑓 

correspond to the crack growth contributions from corrosion and fatigue, respectively. Once the defect 

grows beyond microscopic scales, the system enters the competition phase; a crucial stage in which 

further propagation depends on whichever driving mechanism prevails, whether it be electrochemical 

dissolution or mechanical fracture processes [62]: 

𝑑𝑎𝑠2
𝑑𝑡

= max [(
𝑑𝑎𝑠2
𝑑𝑡

)
𝑐
, (
𝑑𝑎𝑠2
𝑑𝑡

)
𝑓

] (2)  

where 𝑎𝑠2 represents the crack length during the propagation phase. In this intermediate stage, fatigue 

behavior is described using fracture mechanics concepts applied to cracks larger than the effective initial 

flaw size (𝑎𝐸𝐼𝐹𝑆), determined from the fatigue threshold (Δ𝐾𝑡ℎ) and the threshold stress range (Δ𝜎𝐿) [63]: 

𝑎𝐸𝐼𝐹𝑆 =
1

𝜋
(

Δ𝐾𝑡ℎ
𝑌𝑓𝑐𝑔 ⋅ Δ𝜎𝐿

)

2

 (3)  

where 𝑌𝑓𝑐𝑔  is the geometric correction factor related to the crack’s configuration. When the crack 

reaches critical dimensions at which mechanical driving forces become dominant, damage progression 
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transitions into the fatigue-driven regime. In this phase, crack growth accelerates according to the Paris 

law, which expresses the propagation rate as a function of the stress intensity factor range (Δ𝐾) [64,65]: 

(
𝑑𝑎𝑆2
𝑑𝑡

)
𝑓
= 𝐶 ∙ (Δ𝐾 − Δ𝐾𝑡ℎ)

𝑚 (4)  

where 𝐶 and 𝑚 are material-specific constants that describe the resistance to fatigue crack growth. By 

integrating these governing equations into the probabilistic framework illustrated in Figure 1, the digital 

twin automatically shifts between different crack propagation mechanisms in response to changing stress 

conditions and environmental severity. This ensures that predicted service life accurately captures the 

intricate, non-linear physical behavior occurring in the splash zone. 

2.2. Data integration and probabilistic preprocessing 

The digital twin’s operation relies on the thoughtful integration and refinement of multiple data streams. 

These data streams are the empirical basis for the probabilistic updates executed in Phase II. As proposed 

in Phase I (see Figure 1), the framework unites three main groups of input data: environmental 

parameters (e.g., wave kinematics, wind velocity, current profiles, salinity, temperature), operational 

loading histories (e.g., rotor speed, blade pitch, tower-base loads), and direct structural health 

observations (e.g., corrosion depth, crack length measurements, surface deformation). Environmental 

and operational telemetry are obtained from metocean sensors and supervisory control and data 

acquisition (SCADA) systems, respectively, while damage indicators are gained through the specific 

non-destructive evaluation (NDE) inspections. These measurements are sent to a land-based processing 

center that provides a clear and accurate overview of the turbine’s health status. 

Environmental and operational data substituting the acquisition of stress range through pre-computed 

load libraries, analytical models, or other high fidelity simulations done offline in the processing center. 

Instead of strain measurement with conversion to stress ranges, which is technical and applied in some 

structural health monitoring applications, the marine environment causes a lot of difficulties regarding 

sensor durability and long-term data reliability. For this reason, the proposed framework is mainly meant 

to work with stress ranges derived from environmental and operational telemetry via pre-computed load 

libraries or simplified analytical models, while strain-based measurements are used only as validation 

data for the method in case such are available. Thus, there is no need for real-time high-fidelity finite 

element or computational fluid dynamics (CFD) analyses within the probabilistic kernel, which results 

in precise load characterization alone. The resulting stress ranges and environmental parameters are then 

directly related to the micro-crack growth variable as1: the stress range 𝛥𝜎 acts as the driving force for the 

fatigue componen das1dtf in Equation (1) and for the stress intensity factor range 𝛥𝐾 in Equation (4), 

while the monitored environmental conditions determine the electrochemical corrosion rate that governs 

the pitting term das1dtc. 

Before being fed into the multi-physics kernel, raw sensor data go through a preprocessing phase 

aimed at minimizing measurement inconsistencies and aligning data into uniform formats. High-frequency 

noise in operational stress signals is suppressed using low-pass filters, while missing or broken segments 

are reconstructed via interpolation techniques, producing smooth, continuous load histories over time. 

For compatibility with Bayesian inference, point measurements from sensors are translated into 

probabilistic likelihood functions, incorporating known uncertainties and sensor precision. A 
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normalization step ensures that these processed observations align mathematically with the prior 

distributions of material properties, improving the stability of posterior updates. This stage effectively 

reduces inherent randomness in the input data by converting raw telemetry into refined, probabilistic 

representations. The model tracks degradation using Monte Carlo sampling, allowing quick, frequent 

updates to failure probability and remaining useful life predictions, which align well with maintenance 

scheduling needs. 

2.3. Bayesian inference and prognostic modeling 

The damage evolution of the multi-phase model presented in Section 2.1 is deterministic, however, the 

digital twin’s predictive precision is basically restricted by the epistemic uncertainties regarding material 

constants and environmental conditions. The framework, to deal with this problem, is comprised of a 

recursive Bayesian inference module (Phase II in Figure 1) that functions iteratively to update the 

governing fatigue parameters (i.e., the Paris law coefficient (𝐶) and exponent (𝑚)) depending on the 

model deviation between the predicted and real-time observed crack growth. The parameters are treated 

as stochastic variables (𝜃 = {𝐶,𝑚}) nd the system updates the reference probability distributions when 

new inspection data (𝐷) is available, henceforth according to Bayes’ theorem [66]: 

𝑃(𝜃|𝐷) =
𝑃(𝐷|𝜃)𝑃(𝜃)

𝑃(𝐷)
 (5) 

where 𝑃(𝜃) is the prior distribution, 𝑃(𝐷|𝜃) is the likelihood of observing data 𝐷 for a given parameter 

set 𝜃, and 𝑃(𝜃|𝐷) is the posterior distribution. The likelihood is formulated from the deviation between 

the observed crack size (𝑎𝑜𝑏𝑠,𝑖) and the model-predicted crack size (𝑎𝑚𝑜𝑑𝑒𝑙,𝑡), assuming a Gaussian 

observation error with standard deviation 𝜎𝑜𝑏𝑠 , as expressed in Equation (6). Parameter sets that 

reproduce the inspection observations more closely therefore receive higher posterior probability, 

progressively narrowing the prediction interval. 

𝑃(𝐷|𝜃) ∝ exp (−
1

2𝜎𝑜𝑏𝑠
2 ∑(𝑎obs,𝑖 − 𝑎model,𝑡(𝜃))

2
𝑛

𝑖=1

) (6) 

To address the potential for false negatives in marine settings, the likelihood function 𝑃(𝐷|𝜃) can 

be expanded to include a detection probability curve 𝑃𝑜𝐷(𝑎) [67–69]. Under these conditions, the 

likelihood associated with an inspection event takes the form of a mixture model. 

𝑃(𝐷|𝜃) =∏[PoD(𝑎model,𝑖) ⋅ 𝒩(𝑎obs,𝑖|𝑎model,𝑖 , 𝜎obs) + (1 − PoD(𝑎model,𝑖)) ⋅ 𝕝(𝑎obs,𝑖 = 0)]

𝑁

𝑖=1

 (7) 

where 𝕝(∙) is a null observation (no crack detected) indicator function. Through this mechanism, the 

Bayesian updater can incorporate the previous case of a crack existing but missed due to biofouling or 

visibility constraints, preventing over-confident belief in no-damage state. 

The subsequent step is the Bayesian update; the posterior distributions of 𝐶 and 𝑚 are transferred 

to the physics kernel by means of Monte Carlo simulations in order to obtain the temporally varying 

probability of failure (𝑃𝑓(𝑡)). The failure event is defined as the case where the actual depth of crack 

(𝑎(𝑡)) exceeds the critical limit decided by component geometry (𝑎𝑐𝑟). Therefore, the failure probability 

in total is evaluated as [65]: 
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𝑃𝑓(𝑡) = 𝑃 [⋃ 𝐺𝑖(𝑡)

𝑁𝑠𝑖𝑚

𝑖=1

< 0] (8) 

𝐺𝑖(𝑡) = 𝑎𝑐𝑟 − 𝑎𝑖(𝑡) (9) 

where 𝐺𝑖(𝑡) is the limit state function for the i-th simulation iteration, and Nsim is the total amount 

of Monte Carlo samples. Such output in terms of probability is further utilized in risk-informed 

decision-making reasoning detailed later. 

2.4. Utility-based decision making 

The last module of the structure of the framework (Phase III in Figure 1) shifts from probabilistically 

based prognostics into the practical maintenance strategies through the help of Bayesian decision theory. 

This stage is meant to settle the dilemma over the immediate costs arising from the intervention and the 

long-term losses that may be caused by the structural failure. The consequences of numerous 

maintenance strategies, e.g., regular inspections or direct repairs, are assessed, and the optimal plan, 

which would raise the expected utility under uncertainty, is selected by the system [70]. The expected 

utility (𝐸𝑈) for the given maintenance action (𝐴) is developed as the sum of the utilities of all possible 

outcomes weighed by their respective probabilities: 

𝐸𝑈(𝐴) =∑𝑃(𝑂𝑖|𝐴)

𝑖

⋅ 𝑈(𝑂𝑖) (10) 

where 𝑃(𝑂𝑖|𝐴) denotes the posterior probability of outcome 𝑂𝑖, such as safe operation, minor repair, or 

catastrophic failure, conditional on action 𝐴, and 𝑈(𝑂𝑖) is the utility assigned to that outcome, including 

direct cost, downtime, and safety consequences. 

The present framework provides the conditional outcome probabilities 𝑃(𝑂𝑖|𝐴) directly from the 

time-dependent reliability analysis of Section 2.3. For a maintenance action 𝐴  that is a planned 

inspection at time 𝑡 with a decision to repair if the crack depth exceeds a threshold arep, the probability 

of the repair outcome is 𝑃(𝑎(𝑡) > 𝑎rep) = ∫ 𝑓𝑎(𝑡)(𝑎)
∞

𝑎rep
𝑑𝑎 , where 𝑓𝑎(𝑡)  is the posterior predictive 

distribution of the crack depth obtain from the Bayesian updating and the crack growth model. The 

probability of the complementary no-repair outcome is 1 − 𝑃(𝑎(𝑡) > 𝑎rep). For actions where no 

intervention is foreseen the probability of failure before a future time step is set to the cumulative failure 

probability 𝑃𝑓(𝑡 + ∆𝑡)  defined in Equation (8). The utility functions 𝑈(𝑂𝑖)  are then cost values 

representing inspection, repair, and failure consequences as illustrated in the case study (Section 3.4). 

To enact this theory in a real-time monitoring, the framework utilizes the dynamic risk thresholds 

of the time-dependent probability of failure (𝑃𝑓(𝑡)), which is calculated in Section 2.3. If the updated 

𝑃𝑓(𝑡) stands beyond the safety limits, the system automatically announces the maintenance protocol 

linked. This methodology makes sure that the resources are directed on the basis of actual status of the 

structure which has been evolved rather than static time serving, thus minimizing unnecessary 

downtimes while offering safety margins throughout the wind turbine life. 

 

 



Smart Constr.  Article 

 10 

3. Case study application to a floating offshore wind turbine 

3.1. Reference system and structural configuration 

The proposed framework is evaluated using the IEA 15 MW reference offshore wind turbine, a model 

developed under IEA Wind Task 37 to serve as a standard for studying the behavior of high-capacity 

wind energy systems [71]. With a 240-meter rotor diameter and a hub height of 150 meters, the turbine 

is designed to maximize energy output in deep-sea environments. It is supported by the VolturnUS-S 

semi-submersible floating foundation, which consists of three large outer columns arranged radially 

around a central column, linked by horizontal pontoons to create a robust and stable structure [72]. 

Stability is maintained through a catenary mooring system that combines chain and polyester rope 

segments. This flexible setup permits controlled movement of the platform while reducing peak loads 

during severe ocean conditions. 

Even though the probabilistic framework is designed to be modular and can be applied to many 

fatigue-sensitive components (for instance, ring-flange connections and mooring lines), this analysis 

is focused on the tower base because it is particularly recognized as vulnerable in offshore 

configurations [21,73,74]. The architecture of the framework component-independent, separating the 

degradation physics kernel from the Bayesian updating module, allows easy adaptations to other critical 

subsystems. For instance, using the approach in mooring lines would require a different model; instead 

of the corrosion-fatigue model, it would use a chain cable degradation law while still using the same 

probabilistic updating and decision-making framework. Equally, scalability to larger or other turbine 

models is achieved by modifying environmental loading inputs and geometric parameters without 

affecting the core inference methodology. In Figure 2, the aerodynamic thrust, from the blades, produces 

bending moments that are transmitted through the tower and finally distributed at the foundation 

interface mentioned at the foundation interface. It has been shown that the tower base suffers from a 

complex combination of loads: it undergoes high amplitudes cyclic stresses due to wind turbulence and 

frequencies of bending moments due to hydrodynamic wave action [21,22]. On top of that, the tower 

base is partially submerged, which leads it into the splash zone. This environment promotes a variety 

of degradation mechanisms, particularly chloride-induced corrosion, which in turn initiates fatigue 

cracks [25]. Thus, the tower base is one of the main bottlenecks in the structure, which in turn, has an 

impact on the long-term performance of the floating asset. 
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Figure 2. Visual representation of the floating offshore wind turbine system. The three-dimensional 

visualisation was generated by the authors using QBlade Community Edition (QBlade-CE) [76]. 

3.2. Operational parameters and simulation setup 

The probabilistic simulation is arranged such that the tower base’s operational conditions will be 

depicted in an exemplifying coupled load environment. The fatigue analysis adopts as an initial 

equivalent flaw 𝑎0 = 0.15 mm, consistent with commonly reported recommendations [75]. The critical 

failure threshold (𝑎𝑐𝑟) with 82.95 mm is also set, which is the same as the thickness of the reference 

tower base. The environmental boundary conditions will be simulated such that it experiences a high 

salinity splash zone (35 PSU) with cyclic wet-dry conditions, whereas the mechanical loading will be 

modeled as a constant amplitude stress range of Δ𝜎 = 50 MPa at a frequency of 0.5 Hz, corresponding 

to the first fore-aft bending mode of the floating structure [72]. 

The Bayesian inference module is initialized by assigning prior probability distributions to the 

material fatigue parameters, reflecting the inherent scatter in steel crack-growth behaviour. The Paris 

law coefficient is represented as 𝐶 ∼ LogNormal (−33.0, 0.4) (mm/cycle), and the exponent is 

represented as 𝑚 ∼ 𝒩(3.0, 0.15). To evaluate the updating capability of the framework, a sequence of 

synthetic crack-growth observations is used to emulate periodic inspection campaigns at 4-year intervals. 

Because long-term field measurements for corrosion-fatigue at floating offshore wind turbine tower 

bases are still scarce, synthetic observations generated from established physical crack-growth laws 

provide a controlled benchmark for method verification. The observations (𝑎𝑜𝑏𝑠 = [0.18, 0.38, 0.75, 

1.40, 2.60] mm) are combined with measurement noise (𝜎𝑜𝑏𝑠 = 0.5 mm) to represent the accuracy limits 

of realistic non-destructive evaluation techniques. In this demonstration, the inspection method is 

assumed to have a high probability of detection (𝑃𝑜𝐷 ≈ 1.0) for cracks larger than the initial flaw size, 

so that the parameter-updating mechanism can be isolated. As discussed in Section 2.3, however, the 

framework can incorporate technique-specific probability-of-detection curves, such as log-normal 

reliability functions, to represent field uncertainties including biofouling and sensor occlusion. The 
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probabilistic assessment is performed using 10,000 Monte Carlo simulations to propagate uncertainty 

through the multi-phase degradation model. 

3.3. Bayesian updating and prognostic validation 

The effectiveness of the probabilistic digital twin is demonstrated by the progressive refinement of the 

fatigue parameters 𝑚 and ln 𝐶 as operational observations are assimilated. As shown in Figure 3a,b, 

the posterior probability distributions become narrower and their central values shift as additional 

crack-growth data are incorporated. The change from the prior distribution to Update 1 is small, which 

is consistent with the early stage of crack development, where growth remains below 0.2 mm and the 

observations remain close to the baseline material behaviour. As damage accumulates, the Bayesian 

updating mechanism adjusts the parameter estimates to capture the increasingly nonlinear crack-growth 

response. By Update 5 (year 20), the Paris law exponent 𝑚  converges around a mean value of 

approximately 3.15, with a more concentrated distribution than the initial prior. The logarithmic 

coefficient ln 𝐶 also shifts from an initial mean of −33.0 to approximately −32.4, indicating a faster 

crack-growth rate than originally assumed. This reduction in parameter uncertainty converts broad 

population-level assumptions into asset-specific prognosis for the monitored tower base. 

 

(a)  

 

(b)  

Figure 3. Evolution of posterior probability density functions for fatigue parameters: (a) Paris law 

exponent m; (b) Logarithm of Paris law coefficient lnC. Note: The Prior distribution is largely masked 

by Update 1 due to the high convergence of early-stage observations with the baseline assumptions. 

The operational effect of this parameter updating is shown in Figure 4, which compares the 

predicted crack-growth trajectories with the inspection observations. The prior trajectory, 

based on generic design assumptions, predicts a crack depth of only 40.9 mm after 60 years and 

would therefore incorrectly suggest a large safety margin. In contrast, the Update 5 trajectory, 

informed by sequential observations, identifies the onset of accelerated fatigue-crack propagation. 

Although the observed crack depth remains approximately 3.0 mm after 20 years of operation, 

the updated physics-based model recognises this point as the transition into a rapidly 

propagating regime. The Update 5 projection therefore predicts that damage may increase from 

10 mm to the critical threshold of 82.95 mm within about five years (years 20–25). This steep 
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increase is physically consistent with Paris law behaviour, because the stress-intensity factor 

range (𝛥𝐾) increases with the square root of crack depth, creating nonlinear feedback as the 

crack enters the macro-crack regime. 

 

Figure 4. Comparison of crack growth trajectories between prior assumptions and Bayesian updates. 

The implications of this physical degradation are further clarified through the evolution of the 

cumulative failure probability (𝑃𝑓(𝑡)), as shown in Figure 5. Over the first operational decade (Updates 

1 and 2), the risk profiles do not depart substantially from the Prior baseline, yielding a flat trajectory 

with the forecasted failure probability at year 30 remaining below 0.15. This latency reflects the 

dominance of the crack initiation phase that is characterized by minimal macroscopic growth and 

experimental data with adequate spread to contest the design assumptions. A transition of the risk 

assessment is unmistakable between Update 3 and Update 4 where the probability of failure curves 

develop a steeper slope and shift to the left. This marks the early onset of the crack rapid propagation 

phase. Advancing to the final update (year 20), the model experiences its first significant update: the 

small source of uncertainty, and therefore, the spread of the risk profile is diminished, and the new 

prediction threshold exceeds the previous maximum prediction. This forecast is strongly affirmed by 

the performance history to date in addition to all available data supporting the crack growing at an 

ever-increasing rate. The probability of failure at year 25 grows from approximately 0.35 (Update 4) to 

nearly 1.0 (Update 5), which is broader binary evidence indicating of a high-risk plant. Inspecting the 

predictive inspection frequency, the fixed 4-year interval did detect this transition in risk for the current 

study (detection of acceleration at year 20 preceding the forecasted failure at year 24.5). However, it was 

noted that additional years were prematurely into the forecasted growth phase, thus other methods with 

an active inspection frequency such as the adaptive interval based on rise in 𝑃𝑓 would present a more 

conservative but still economically viable option in plants with higher sources of uncertainty. 
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Figure 5. Temporal evolution of cumulative failure probability across Bayesian updates. 

The quantification of the output from this probabilistic updating process can be found in Table 1, 

which illustrates the gradual enhancement of the remaining useful life estimates and their corresponding 

probability intervals. Crucially, the values of the remaining useful life presented reflect the projected 

residual service life that has been computed from the moment the update was applied (i.e., the present 

time), and not the total accumulated life span. In the beginning, the Prior model predicts a mean of 

50.3 years for the remaining useful life. On the contrary, this estimation is affected by a strong 

epistemic uncertainty, which is shown by a relatively wide confidence interval of 95% that covers 40 years 

(19.6–60 years). During the period, the digital twin receiving accelerated crack data between the updates 

3 and 5, mean remaining useful life implodes, changing from 36.8 years old in 12 years to 4.8 years, 

which is critical, in 20 years. This alteration is trailed by a collapse of predictive variance that is 

noticeable; confidence interval becomes precise at last update and is stated as 3.4 years (3.4–6.8 years). 

The shift from a diffuse, high-uncertainty prognosis to a tightly bounded, critical alert is made possible 

through the relevant statistical confidence that makes justifiable the switch from passive monitoring to 

the active maintenance interventions which are analyzed in the next section. 

Table 1. Progression of RUL estimates and 95% confidence intervals across Bayesian update stages. 

Update stage Current time (years) Mean remaining useful life (years) Lower CI (5%) Upper CI (95%) 

Prior 0 50.3 19.6 60 

Update 1 4 46.5 16.1 56 

Update 2 8 42.2 12.8 52 

Update 3 12 36.8 8.7 48 

Update 4 16 19.8 4.5 44 

Update 5 20 4.8 3.4 6.8 
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3.4. Comparative analysis of maintenance strategies 

To assess the economic implementation of a digital twin framework, a lifecycle analysis carried out 

against conventional time-based maintenance protocols was undertaken. The economic model is created 

with cost assumptions provided by the various industry standards for 15 MW floating assets: an 

inspection campaign cost (𝐶𝑖𝑛𝑠𝑝) is $25,000, a minor structural repair cost (𝐶𝑟𝑒𝑝) is $80,000, and a 

catastrophic failure consequence (𝐶𝑓𝑎𝑖𝑙 ) is $5,000,000, which includes asset replacement as well as 

prolonged revenue loss. Downtime penalties were set at the level of $750 per hour, on the basis of the 

lost energy share during the intervention time slots. In the simulation of the three different strategies 

over a 40-year span include (i) a sparse time-based strategy with a fixed 5-year inspection interval, 

demonstrating a minimal compliance approach; (ii) a dense time-based strategy with a two-year interval, 

representing a high level of conservatism by ensuring safety at all costs; and (iii) a condition-based 

digital twin strategy, which triggers inspections only when the probability of failure exceeds 0.1 and 

initiates repair when it surpasses 0.8. 

The simulation’s quantitative outputs, as shown in Table 2, illustrate the serious limitations of the 

static schedule in the regard of rising fatigue damage. The 5-year time-based sparse strategy, while 

enjoying a lower operational cost in the mid-term, misses the signal of the new rapidly crack propagating 

phase at year 22 before was a risk, at year 24.5 was shutting down (i.e., a time failure to detect the 

defect). In total lifecycle, this approach ends over $6.25 million due to the risk-exceedance shutdown. 

Meanwhile, the dense (2-year) time-based strategy achieved the goal of failing safe, catching the fault 

on time to repair but at a cost of efficiency; the scheme involves 13 individual inspection campaigns, 

which add up to a total of $576,000 and 228 hours of operational downtime. This outcome underscores 

a fundamental inefficiency in conventional strategies; resources are spent inspecting intact components 

simply due to fixed, inflexible schedules. 

Table 2. Performance of interval-based maintenance versus condition-based maintenance. 

Strategy Cost ($) Downtime (h) Inspections Repairs 
Mandatory risk‑based 

shutdowns 

Interval-based (5 years) 6,250,000 1500 5 0 1 

Interval-based (2 years) 576,000 228 13 1 0 

Condition-based 202,000 96 2 1 0 

In contrast, the condition-based digital twin approach achieves an effective balance between safety 

and cost-efficiency. By using updated risk assessments to remain inactive during crack initiation and only 

engaging during crack propagation, the system requires just two focused inspections and one well-timed 

repair. This targeted strategy lowers total lifecycle costs to $202,000, about 64.9% less than the intensive 

inspection approach, while delivering identical reliability, with no failures recorded. Additionally, 

operational availability improves significantly, cutting downtime to only 96 hours, a 58% enhancement 

over the more conservative baseline. These outcomes highlight the decision module’s dual role: ensuring 

safety while substantially improving economic performance, demonstrating that predictive risk modeling 

allows operators to shift from routine-based spending to proactive, risk-informed maintenance that 

preserves value. 

 



Smart Constr.  Article 

 16 

4. Conclusion 

This paper developed a probabilistic digital twin framework for corrosion-fatigue prognosis by integrating 

a multi-phase degradation model with recursive Bayesian inference to support lifecycle management of 

floating offshore wind turbines. The case study on the IEA 15 MW reference turbine demonstrates how 

the framework reduces prognostic uncertainty and informs maintenance decisions. The main findings 

are as follows: 

(1) The Bayesian updating module corrected the overly optimistic prior projection, which estimated 

a benign crack depth of 40.9 mm at year 60, by identifying the onset of accelerated crack propagation at 

year 20 and the subsequent progression towards the critical threshold of 82.95 mm. 

(2) Assimilating periodic inspection observations substantially reduced epistemic uncertainty in the 

remaining-useful-life estimate. The 95% confidence interval narrowed from an initial span of 40.4 years 

to 3.4 years after the final update. 

(3) The failure-probability trajectory was sensitive to the fatigue-transition phase, increasing from 

0.35 to 0.98 within one inspection interval. This behaviour indicates that the updated probability of 

failure can provide a clear intervention trigger under the assumed case-study conditions. 

(4) Compared with a two-year fixed-interval maintenance strategy, the condition-based strategy 

reduced lifecycle cost by 64.9% and saved approximately USD 374,000 per turbine in the case study, 

while avoiding structural failures under the assumed model conditions. 

(5) By avoiding redundant inspections during the crack-initiation stage, the digital-twin-guided 

strategy reduced operational downtime from 228 h to 96 h, equivalent to a 58% reduction. This result 

suggests that probabilistic monitoring can improve maintenance efficiency while maintaining 

risk awareness. 

Several limitations remain. The current implementation uses a one-dimensional stress-intensity 

factor and assumes high detection reliability. Future work should incorporate mixed-mode fracture 

mechanics and probability-of-detection models to represent sensor limitations, as well as adaptive 

inspection scheduling for critical transition phases. The case study is a theoretical demonstration, so field 

validation with operational data is required before the predictive accuracy and transferability of the 

framework can be fully assessed. Although the modular structure may support application to other 

subsystems and turbine classes, such extension must be verified using long-term monitoring and 

inspection data. 
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