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As offshore wind farms move into deeper waters, around 80 m, the high costs necessitate replacing bottom-fixed turbines with floating offshore wind turbines, which require mooring systems to maintain stability within design limits. Data from previous projects in China indicate that mooring systems can constitute about 20% of the total investment. Thus, reducing mooring system costs can significantly benefit the development of next-generation floating wind farms. This paper discusses the reliability analysis of mooring chains for floating wind turbines to optimize inspection plans and strategies, thereby saving on maintenance costs over their design lifetime. A case study on S-N curve based fatigue reliability analysis is conducted using both Monte Carlo Simulation and First Order Reliability Method (FORM), with consistent results from both methods. Additionally, three sensitivity analysis cases identify key parameters for the fatigue reliability analysis.
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1 INTRODUCTION
Recently, offshore wind power has drawn more attention due to its intrinsic advantages. One of the primary advantages is the better quality of the wind resources in offshore locations, where the wind speed is usually greater and steadier (Hong et al., 2015; Dong and Yuan, 2023; Xiang et al., 2023). As offshore wind farms enter into deeper waters, especially for those deeper than 80 m, the traditional bottom-fixed offshore wind turbines such as mono-piles, tripods, or jackets will lose economic advantages. A new concept of floating offshore wind turbine (FOWT) becomes a more feasible and cost-saving solution. Generally, FOWTs can be categorized into four different types, i.e., the SPAR type, the semi-submersible type, the TLP type, and the barge type (Jonkman, 2009).
For FOWTs, the mooring system is one of the most important systems, accounting for approximately 20% of the total project investment. Therefore, the design and maintenance of the mooring systems for FOWTs play an important role in minimizing the total cost. The mooring system design requires a large number of design cycles with the satisfaction of the complex design constraints to achieve an economically competitive solution (Heyl and Duggal, 2009). An optimized mooring design shall keep both the translational and rotational motion of an FOWT within acceptable limits. To save design costs, a Harmony Search based mooring optimization program has been applied to study an optimum cost as a function of safety factor and required maximum offset of the offshore floating structure by finding anchor leg component size and declination angle (Ryu et al., 2007).
For FOWTs, there are usually four categories of mooring systems. First, a catenary mooring system is, by far, the most widely used due to its simple design and installation. The restoring force of the FOWT is mainly provided by the self-weight of the catenary chain. The main drawback of this mooring type lies in its large footprint. Second, a semi-taut mooring system, see Figure 1, can reduce the total length of the mooring lines and footprint, the restoring force of which depends on the stretching of the line material. Nevertheless, this type has an inclination angle with the seabed, which can exert an uplift force on the anchor foundation. The Single Point Mooring (SPM) system, as a third category see Figure 2, is suitable for ship-shaped floaters, of which the mooring line top ends are fastened to a tower or turret with bearings to allow the floater weather-vane freely to minimize the environmental loads. The fourth type of mooring system is tension-legs, which is suitable for the TLP-type FOWT. Compared to the SPAR- or SEMI-type FOWT, the TLP-type FOWT tends to be lighter, smaller, and more stable, especially in harsh environments. However, the investment cost of the tension-leg mooring system is much higher than the former ones.
[image: Figure 1]FIGURE 1 | Schematic of typical mooring categories for a FOWT.
[image: Figure 2]FIGURE 2 | Single point mooring system.
Permanent mooring systems shall be designed to remain offshore for decades and unable to be sheltered no matter how catastrophic the storms encountered are during operation. Hence, these mooring systems are designed with adequate capacity to withstand all design extreme conditions, which consist of the ULS, ALS, and FLS according to DNVGL-OS-E301 (DNVGL-OS-E301, 2015). Although great attention has been paid to permanent mooring design, it has been reported that there are failure accidents of offshore moorings from time to time, with an approximate failure probability on an order of 1.0 × 10−3. Previous industry experience shows the primary reason for mooring line failure is the deterioration of the line components over time, i.e., corrosion-induced or fatigue-induced. As is known, the consequences of a mooring line failure may include risk to personnel, damage to dynamic cables, collisions with adjacent FOWTs and subsea infrastructures, repair or replacement costs, production loss, and even public reputation damage. Therefore, cost-effective and efficient inspection and monitoring programs, for the mooring system of FOWTs, shall be developed to detect any potential degradation or deterioration early enough to prevent a significant economic loss.
For the development of FOWTs in China, there are several demonstration application projects in the industry so far. Most of the projects have chosen a 3 × 3 whole catenary chain solution for the station-keeping system. As is known to all, offshore mooring chains have been widely used for many years, no matter for temporary or permanent mooring systems in the offshore industry. Two types of chain links, i.e., stud and studless as shown in Figure 3, are widely used for offshore mooring applications. Stud chain links are preferable for temporary mooring lines, while studless chains are more common for permanent moorings. The reasons for the wide application of chain links lie in their easier handling and installation, torsional free properties, and high resistance to wear and abrasion when in contact with other interfaces. The available steel grades for offshore moorings are R3, R3S, R4, R4S, R5, and R6 with increasing tensile strength. Therefore, this paper focuses mainly on the reliability and integrity management of mooring chains for FOWTs.
[image: Figure 3]FIGURE 3 | Stud chain link (left) and studless chain link (right).
The main damage and degradation mechanisms, for a chain-made mooring line, include corrosion, wear, and fatigue, which are always present and unavoidable, especially in offshore environments. Steel structures are often affected by corrosion during use (Tong et al., 2023; Zhu et al., 2023; Duan et al., 2024; Wu et al., 2024; Yu et al., 2024). The corrosion of chain links, see Figure 4, is defined as a material loss due to an electrochemical attack by ambient surroundings. The corrosion rate is highly dependent on the ambient water temperature, marine growth, flow velocity, oxygen content, microbiological beings attacks, etc. The wear of the chain is defined as a progressive loss of material on surfaces due to relative motion between adjoining links. The wear rate depends on the axial line load and the number of rotation cycles between consecutive links. Hence, the mooring chain is usually protected against corrosion and wear using appropriate coatings. Moreover, fatigue is a degradation process for mooring chains due to cyclic loads over a long period which can gradually reduce the strength of the material and eventually trigger a failure. Usually, there are three stages for a fatigue-induced failure, i.e., crack initiation, steady crack propagation, and rapid crack propagation (Chen et al., 2024).
[image: Figure 4]FIGURE 4 | The general and pitting corrosion of mooring chains (Mendoza et al., 2022).
An integrity management program shall be developed to ensure that the mooring system can fulfill its function requirement during the design lifetime with controlled deterioration rates. According to API RP 2I, the need for a rigorous, effective inspection of mooring hardware is apparent because most of the mooring failures involved faulty mooring components including corroded or physically damaged wire-rope or chain, or mooring hardware of inferior quality. This recommended practice gives good detail on how to perform inspections for mooring line components (API RP 2I, 2008). Based on in-service inspection data, the reliability analysis is an effective method to assess the failure probability of each mooring component, which can be combined to calculate the risk of the whole mooring line or system. The risk can be of great help in developing the mooring component discard criteria or an optimized mooring inspection frequency and strategy to save maintenance costs. For the mooring system of FOWTs, an in-service inspection plan shall be developed after the installation based on an assumed deterioration rate throughout its service lifetime. Developing a comprehensive and well-optimized in-service inspection plan is quite challenging and there is always room for improvements. For a well-developed in-service inspection plan, not only the obvious degradations such as general corrosion, pitting corrosion, and excessive abrasion, but also the smaller-sized defects such as fatigue cracks, and wire strand breaks can be identified and located. Based on the periodical inspection results, some unexpected anomalies or degradation rates may be identified. Under this circumstance, a reliability assessment can be performed to determine whether the initial in-service inspection plan shall be updated or adjusted to address newly identified anomalies to achieve consistent integrity for the whole mooring system during its service lifetime.
Structural reliability analysis can directly quantify how uncertainties in input parameters can affect the structural response. A large amount of previous research has been done for the development of structural reliability analysis methods. Early work on the reliability theories mainly consists of (Cornell, 1968; Hasofer and Lind, 1974). The first-order second moment (FOSM) theories are an early simplified method for reliability analysis (Ang and Tang, 1984; Madsen et al., 1986; Ditlevsen and Madsen, 1996; Nowak and Collins, 2012). For FOSM, each random variable is depicted by only the mean and the variance for reliability calculation. Later on, a joint probability distribution of all uncertain random variables is introduced, and the probability of failure can be integrated directly concerning the limit state function on the failure domain. For this level of reliability analysis, the approximate simulation methods, such as first order reliability method (FORM) (Zhao and Ono, 1999; Melchers and Andre, 2018; Zhao et al., 2020) and second order reliability method (SORM) (Huang et al., 2018; Rackwitz, 2001), together with more advanced techniques such as Monte Carlo Simulation (MCS) (Cardoso et al., 2008; Zhang et al., 2010) and Importance Sampling Methods (ISM) (Zhang, 2012; Shayanfar et al., 2018) are widely used worldwide. Among these, the algorithm of MCS is straightforward and suitable for highly nonlinear limit state function problems. The accuracy of an MCS analysis is mainly dependent on the total number of sample points. If the failure probability is on an order of 1 × 10−3, then the total sample points shall be on an order of 1.0×105 to obtain satisfactory accuracy. Later on, the response surface method (RSM) was developed for the structural reliability analysis when the limit state function has no closed form. In this method, a transfer function correlates the input parameters to the structural response which can be obtained approximately in terms of the response surface function. The work of (Bucher and Bourgund, 1990; Rajashekhar and Ellingwood, 1993) laid a foundation for RSM, further developed by (Zheng and Das, 2000; Yu et al., 2002).
For decades, reliability-based and risk-based approaches have been widely employed for developing and optimizing the inspection plans for offshore structures, to list just a few of them (Madsen et al., 1990; Moan et al., 2000; Faber, 2002; Goyet et al., 2002; Straub and Faber, 2006; Rezende et al., 2024). The Bayesian decision theory has been adopted to minimize the overall maintenance costs including costs of failures, repairs, and inspections. Based on structural reliability analysis, the risk-based inspection plan can also be developed for offshore structural components subject to fatigue damage, see work of (Fujita et al., 1990; Moan and Song, 2000; Li and Zou, 2024; Meng et al., 2024; Oyegbile and Muskulus, 2024).
Recent research on the analysis of offshore mooring chains is relatively limited. Bergara et al. (Bergara et al., 2022) have adopted analytical, numerical, and experimental methods to assess fatigue crack propagation in offshore mooring chains under service conditions. Peunte et al. (Peunte et al., 2024) evaluate various spectral fatigue assessment methods for estimating damage caused by stress loads for offshore mooring systems and dynamic cables. Zhao et al. (Zhao et al., 2023) analyzed the system reliability of the mooring system for a floating offshore wind turbine based on an environmental contour approach.
This paper focuses on the reliability analysis of the offshore mooring chains for FOWTs. The methodology on formulating the limit state functions for chain strength and fatigue failure modes is presented, followed by the numerical simulation algorithm of FORM to solve the reliability index and probability of failure. A detailed case study is performed on S-N curve based fatigue reliability analysis, coupled with a parametric study to identify the dominant parameters of the fatigue reliability analysis.
2 METHODOLOGY ON CHAIN RELIABILITY ANALYSIS
A typical offshore mooring system for a FOWT consists of mooring line segments, connectors, anchor foundation, chain jack, chain stop, fairlead, etc. Data from recognized international standards shows that the anchor foundations and connectors typically have much higher reliability on strength and fatigue than mooring line segments made of chain links. Hence, this study focuses on the mooring chain reliability analysis for FOWTs.
The reliability analysis of offshore mooring chains shall consider both the ultimate and fatigue limit states. As mentioned in the introduction section, the failure modes for offshore mooring chains mainly consist of general corrosion, wear, and fatigue. The results of mooring chain reliability analysis can be directly incorporated into a risk-based inspection plan, which is by far the most effective method for developing the in-service inspection plan for offshore structures. The advantage of employing a risk-based inspection method for developing the in-service inspection plan lies in that the new condition data collected by periodical inspections can be timely incorporated to update and optimize the in-service inspection plan for the future.
Typically, there are four major steps for reliability analysis of offshore mooring chains: 1) Select an appropriate target reliability level based on the consequence of failure; 2) Formulate the limit state function of each failure mode and identify the random variables in the function; 3) Specify the distribution types and the statistical parameters, such as the mean value and COV, for all the random variables involved; 4) Compute the reliability of the mooring chain for the considered failure mode.
The ultimate limit state function for the structural reliability of a mooring line can be defined by Eq. 1. The probability of failure of the mooring line can be computed by Eq. 2.
[image: image]
where R denotes the mooring line strength resistance, Sp denotes the mooring line pre-tension, and Se denotes the extreme mooring line tension under extreme storm conditions.
[image: image]
where R is the line resistance, t is the time period considered, usually in years, Xp denotes a model uncertainty factor considering the possible variation of the nominal pre-tension of the mooring line, Sp can be taken as the deterministic pre-tension of the mooring line by design, Xe denotes a model uncertainty parameter for the evaluation of the extreme mooring line tension, and Se(t) denotes the extreme mooring line tension at the considered time period of t (yrs).
For the fatigue reliability analysis of mooring chains of FOWTs, both the T-N curve based, S-N curved based, or fracture mechanics based fatigue reliability analyses can be chosen. Compared to the third fracture mechanics method, the former two are relatively well-developed and straightforward to implement. A drawback of the T-N curve based or S-N curve based method is that the fatigue reliability cannot be updated according to the new condition data collected during the in-service inspection. If this issue has to be considered, the fracture mechanics based reliability analysis must be chosen.
For the S-N curve based fatigue reliability analysis, the Miner-Palmgren model (Miner, 1945) is adopted to formulate the limit state function. Based on Miner’s rule, the fatigue damage D can be computed by Eq. 3. Let f (s) be the probability density function of the stress range in mooring chains under considered sea states. The total fatigue damage to chain links can be estimated by Eq. 4.
[image: image]
where ni is the number of stress cycles in ith sea-state, Ni is the number of cycles to cause the fatigue crack under a constant stress amplitude for ith sea-state, and Ns is the total number of sea-states considered.
[image: image]
where n is the total number of stress cycles for a considered time period, K is the intercept of the S-N curve, m is the slope of the SN curve, and E (sm) is the expected value of the random stress-range distribution to the power of m.
Therefore, the limit-state function for the S-N curve based fatigue reliability analysis can be formulated by Eq. 5. Similarly, the limit state function for the T-N curve based fatigue reliability can be formulated by Eq. 6. For a narrow-banded Gaussian process, the stress range peaks follow a Rayleigh distribution. The mean value of the tension range for a short-term sea state can be estimated by Eq. 7.
[image: image]
where ∆ is the fatigue resistance, usually taken as 1.
[image: image]
where R denotes the ratio of the tension range of the mooring line to nominal breaking strength.
[image: image]
where Rσ is the standard deviation of the combined low and wave frequency tension range, and Γ(∙) denotes the gamma function.
Therefore, for a short-term sea state, the T-N curve based fatigue limit stat function can be eventually written as Eq. 8. However, the wave-induced long-term stress range response of offshore structures follows a Weibull distribution. The expected value of the mth order of the stress range can be approximated by Eq. 9. Hence for a long-term sea state, the S-N curve based fatigue limit stat function can be written as Eq. 10.
[image: image]
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where v is the number of stress cycles per year on average, T is the time period considered, Xw is a model uncertainty coefficient for wave loading estimation, A and B are the Weibull distribution parameters respectively, and m and K are the S-N curve related parameters respectively.
As for the fracture mechanics based fatigue reliability analysis, the crack growth can be formulated by using Paris Law (Paris and Erdogan, 1963) as follows:
[image: image]
where a is the crack depth in chain links, N is the number of stress cycles, C and m are crack growth parameters of the chain material, and ΔK is the stress intensity factor range, which can be calculated by Eq. 12.
[image: image]
where Y(a) is the geometry function of the crack. Combining Eq. 11, 12, and doing an integration from the initial crack depth a0 to the final crack depth ac, Eq. 13 can be obtained.
[image: image]
For a long-term sea state, the fracture mechanics based fatigue limit stat function can be eventually formulated as Eq. 14. After the formulation of the limit state functions for different failure modes of mooring chains, the FORM, SORM, or MCS numerical methods can be used to compute the probability of failure Pf and the reliability index β.
[image: image]
where a0 is the initial crack depth, ac is the final crack depth, v is the number of stress cycles per year on average, T is the time period considered, Xw and XY are the model uncertainty coefficients for wave loading estimation, and geometry function calculation respectively, A and B are the Weibull distribution parameters respectively.
As is known, the offshore mooring line is a series system that may fail if any of its chain links or components fail. If considering a mooring line consists of a total of N joints or components, and assuming the events of failure for different joints are mutually independent, then the probability of failure of the mooring line can be computed by Eq. 15. Finally, the reliability of index βs of the mooring line can be calculated by Eq. 16.
[image: image]
where Pfs and Pfi denote the system and single joint probability of failure respectively.
[image: image]
where Φ-1(∙) denotes the inverse of the standardized normal distribution function.
The algorithm of FORM for a reliability analysis can be summarized according to the reference (Melchers and Andre, 2018) as follows:
1) Initialize the checkpoint vector, such as [image: image], and let iteration step m = 1.
2) Use Rosenblatt or Nataf transformation to transform all basic random variables to standard Normal distributed random variables, [image: image].
3) Transform the limit state function from X-space to standardized normal Y-space by [image: image], where [image: image] is the Jacobian Transformation Matrix.
4) Use the relations of [image: image] and [image: image] to compute the direction cosines [image: image] and [image: image], the current step reliability index can be computed by [image: image], where the gradient vectors can be calculated by [image: image], [image: image].
5) A new iteration point can be updated by [image: image].
6) Use an inverse transformation relationship [image: image] to get the new iteration point in X-space.
7) Update the iteration step by m = m + 1, repeat the iteration procedure from step2 to step6 until the reliability index [image: image] stabilize in value.
3 CASE STUDY ANALYSIS
Now a case study is performed concerning the S-N curve based fatigue reliability analysis, the limit state function of which is Eq. 10. Both the FORM and MCS methods are employed for the computation of the probability of failure and the reliability index. For the case study, a total of five random variables are identified in the limit state function, i.e., the fatigue resistance ∆, the intercept of the S-N curve K, the model uncertainty factor for wave loading estimation Xw, and two Weibull distribution related parameters A and B. The distribution of these random variables and their statistical parameters are assumed and summarized in Table 1 below.
TABLE 1 | The assumed distribution and statistical parameters of the random variables.
[image: Table 1]To perform the S-N curve based fatigue reliability analysis by using the FORM method, the basic random variables should all be transformed into a Normal distribution [image: image] space by redefining the involved random variables as Eq. 17. An equivalent limit station function to Eq. 10, in the Normal distribution space, can be expressed as Eq. 18.
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By coupling a new transformation of Eq. 19, the equivalent limit station function in Eq. 18 can be further transformed into a standardized Normal distribution [image: image] space as Eq. 20. For the FORM analysis, a key step is performing the first-order derivative of the limit state Eq. 18 concerning each basic random variable Xi as Eq. 21-1–21-6 
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In Eq. 21, the first derivative of the gamma function is quite complicated. To obtain an explicit expression of the first derivative of the gamma function, the following Laplace’s approximation formula (Wang, 2016) can be employed to approximate the gamma function by omitting the higher order terms.
[image: image]
Take the first derivative of Eq. 22 for x, Eq. 23 can be obtained. By substitution of the explicit expression of the derivative of the gamma function into Eq. 21, the first derivative of the limit state function for the X5 can be written as Eq. 24.
[image: image]
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By using a mapping relationship as shown in Eq. 19, the first derivative [image: image] of the limit state Eq. 20 to the basic random variables in the standardized Y-space can be eventually obtained. Now all the input parameters are defined for the base case analysis for the S-N curve based fatigue reliability analysis. In the limit state function of Eq. 10, there are a total of eight variables, five of the eight are random variables as presented in Table 1. The remaining three variables are all assumed to be constants. The values of these three parameters are assumed in Table 2 below.
TABLE 2 | The assumed constant parameters for the base case analysis.
[image: Table 2]After performing the analysis by using the MCS and FORM simulation method, the following results can be obtained, as shown in Table 3. From the results shown in Table 3, it can be seen that the reliability index, for the S-N based reliability analysis subject to a long-term sea-state, matches very well between the MCS analysis and FORM analysis. The largest relative difference between the two methods is only 1.46%. What is worth mentioning is that the CPU run time, during the simulation, for MCS analysis is much longer than that of the FORM analysis.
TABLE 3 | Results summary for the base case of S-N curve reliability analysis.
[image: Table 3]4 SENSITIVITY ANALYSIS
A total of three sensitivity analysis cases are performed to identify the dominant parameters for the S-N curve based fatigue analysis. The first sensitivity analysis is on the S-N curve based fatigue analysis by changing the average number of stress cycles per year while keeping the remaining parameters the same as the base case. Taking ν = 1.0 × 106 cyc/yr as the base case (marked as Case2), the average number of stress cycles chosen for sensitivity analysis is ν = 0.5 × 106 cyc/yr (marked as Case1) and ν = 2 × 106 cyc/yr (marked as Case3) respectively. The results of this sensitivity analysis are summarized in Table 4.
TABLE 4 | Results summary of the first sensitivity analysis.
[image: Table 4]Based on the data summarized in Table 4 and Figure 5 can be plotted to show the variation trends of the fatigue reliability index for both time and the sensitivity parameter. The second sensitivity analysis is on the S-N curve based fatigue analysis by changing the COV (Coefficient of Variation) of fatigue resistance while keeping the remaining parameters the same with the base case. Taking COV(Δ) = 20% as the base case (marked as Case6), the other two COVs of fatigue resistance chosen for sensitivity analysis are COV(Δ) = 1% (marked as Case4) and COV(Δ) = 10% (marked as Case5) respectively. The results of the second sensitivity analysis are summarized in Table 5.
[image: Figure 5]FIGURE 5 | Plotting of results for the first sensitivity analysis.
TABLE 5 | Results summary of the second sensitivity analysis.
[image: Table 5]Based on the data shown in Table 5, the following Figure 6 can be plotted to show the variation trend of the fatigue reliability index concerning both time and the sensitivity parameter. The third sensitivity analysis is on the S-N curve based fatigue analysis by changing the COV of the Weibull distribution parameters A and B while keeping the remaining parameters the same with the base case. Taking COV(A) = COV(B) = 7% as the base case (marked as Case7), the other COV values of the Weibull distribution parameters chosen for sensitivity analysis are COV(A) = COV(B) = 10% (marked as Case8) and COV(A) = COV(B) = 13% (marked as Case9) respectively. The results of the third sensitivity analysis are summarized in Table 6.
[image: Figure 6]FIGURE 6 | Plotting of results for the second sensitivity analysis.
TABLE 6 | Results summary of the third sensitivity analysis.
[image: Table 6]Based on the data shown in Table 6, the following Figure 7 can be plotted to show the variation trend of the fatigue reliability index for both time and sensitivity parameters. From the sensitivity analysis results shown in Figure 5 to Figure 7, it can be seen that the fatigue reliability indices simulated by MCS and FORM agree with each other well except for one point in Figure 5. The reason for this mismatch point is not very clear since the FORM code for all remaining subcases works well. Possibly, for this specific subcase when compared to MCS analysis, the FORM may introduce a relatively large error when the failure probability becomes small enough. In Figure 6, the resulting plots from subcase 4 to subcase 6 almost overlap each other, which means the S-N curve based fatigue reliability index is not sensitive to the variation of the COV of the fatigue resistance. However, the resulting plots shown in Figure 5 and Figure 7 demonstrate that the S-N curve based fatigue reliability index is quite sensitive to the variation of the average number of stress range cycles per year and the COVs of the parameters in long-term Weibull distribution. Hence, more attention should be paid to these sensitive parameters for mooring chain fatigue reliability analyses in the future.
[image: Figure 7]FIGURE 7 | Plotting of results for the third sensitivity analysis.
5 CONCLUSION
This paper addresses the reliability analyses for offshore mooring chains for FOWTs, the procedure on how to perform the reliability analysis using both the MCS and FORM is presented in great detail. The methodology on how to perform the strength and fatigue reliability of offshore mooring lines is introduced.
A case study is performed for the S-N curve based fatigue reliability analysis when the mooring chain link is subject to long-term sea states. Two popular numerical methods, i.e., the MCS and FORM, are employed to compute the probability of failure and reliability index. It can be seen that the fatigue reliability analysis results agree well between the two adopted methods with relative differences in fatigue reliability indices for subcases no larger than 1.46%. For the third year, the probability of failure for the S-N curve based fatigue reliability is relatively small, on an order of 1 × 10−4. However, with the increase of years, the fatigue failure probability increases rapidly. After about 13 years, the fatigue probability of failure will be on an order of 1 × 10−2. Therefore, the fatigue probability of failure for offshore mooring lines has a tight bearing on sea-state conditions and the total exposure time. What is worth mentioning is that the MCS is more time-consuming from the computational efficiency perspective. However, the derivation of the first derivative by using the FORM method is tricky and time-consuming, especially when the expression of the limit state function is complicated and highly nonlinear.
The results from the three sensitivity analysis cases demonstrate that the fatigue reliability indices are quite sensitive to the average stress cycles per year and the COVs of the Weibull distribution parameters, but not to the variation of the COV of the fatigue resistance. For the first parametric study, when the annual stress cycles change from 0.5 × 106 cyc/yr to 2 × 106 cyc/yr, the fatigue reliability indices decrease rapidly. While for the third parametric study, only a 3% COV for the Weibull distribution parameters can incur an obvious drop in the fatigue reliability indices, which indicates the S-N curve based fatigue reliability analysis is significantly sensitive to the parameters of the Weibull distribution. Therefore, accurate predictions of the annual stress cycles and the Weibull distribution parameters will dramatically improve the prediction accuracy of the S-N curve based fatigue reliability index.
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