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Abstract. Extending the service life of offshore wind turbines demands fatigue assessments that reflect site-specific load-

ing rather than conservative design assumptions. Structural health monitoring can provide strain-based damage estimates, but

such monitoring campaigns are typically short. Consequently, long-term damage is often estimated from short-term strain

data conditioned on available environmental and operational condition (EOC) records. Despite widespread use of such es-

timation approaches, the representativeness of a one-year strain window remains insufficiently quantified. In particular, it is5

unclear whether estimation errors are primarily driven by within-year statistical uncertainty or by interannual variability in

the conditional damage–EOC mapping. This distinction is difficult to assess in practice due to the scarcity of long-term paired

strain–EOC datasets. In this work, an eight-year strain-EOC dataset from an in-service offshore wind turbine is used to quantify

damage estimation error by systematically shifting a one-year strain monitoring window across years. A hierarchy of damage-

mapping strategies is evaluated, from unconditional extrapolation to EOC-conditioned estimators based on binned damage10

models. Unconditional extrapolation yields substantial window-dependent errors, with deviations up to 30% in the estimated

long-term mean 10-minute damage, and exhibits pronounced interannual variability. Conditioning on informative EOCs gen-

erally reduces errors to around 10% and decreases sensitivity to the considered monitored year. However, these improvements

are not monotonic with the dimensionality of the EOC-conditioned model. Bootstrap-based estimates of within-year statistical

uncertainty are consistently small (<1%), indicating that estimation error is dominated by interannual variability. Longer strain15

monitoring periods reduce window-to-window variability, but do not eliminate damage estimation error under non-stationary

conditions, where the EOC–damage mapping changes over time. These results show that long-horizon damage estimates re-

main sensitive to both the timing and duration of the strain-monitoring window. This sensitivity highlights the need to verify

that the considered EOCs are representative of long-term conditions and that the damage–EOC mapping remains stable over

time.20

1 Introduction

Extending the operational lifetime of wind turbines is a critical consideration driven by economic, environmental, and resource-

efficiency imperatives. Structural health monitoring (SHM) systems provide site-specific information on loads and structural
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response, enabling data-driven fatigue assessment that can reduce the conservatism of design-based approaches and support

lifetime extension decisions (IEC TS 61400-28, 2023; Hübler et al., 2018; Hübler and Rolfes, 2022). SHM systems can record25

load histories from installed strain sensors, as well as environmental and operational conditions (EOCs) obtained by supervisory

control and data acquisition (SCADA) systems and/or other measurement devices, such as wave radars. However, continuous

long-term load monitoring is often impractical, as sensors may drift, break, or be installed in inaccessible locations, and sensor

replacement is costly. As a result, strain measurements are typically available only for limited periods, often in the order of

months or a few years, while EOC data from SCADA systems are available over much longer time spans. This leads to a central30

question for data-driven lifetime assessment: how can the uncertainty in fatigue damage estimates over a period of interest be

quantified when strain measurements are available only over a limited monitoring window?

A common strategy for long-term fatigue damage estimation is to extrapolate or map short-term fatigue damage from strain

measurements to longer periods, often leveraging information about EOCs (Hübler et al., 2018; Mujtaba et al., 2026). In its

simplest form, this mapping assumes that the measured damage scales linearly in time, an assumption that can logically lead35

to significant estimation inaccuracies when short-term strain data are not representative of the longer estimation period. More

advanced data-driven approaches condition short-term damage on selected EOC parameters using binning or other conditional

models (Hübler et al., 2018; Mujtaba et al., 2026; Hlaing et al., 2024). In such approaches, damage calculated from 10-minute

strain measurements is related to the corresponding EOC conditions, and the estimated damage over the available EOC period

is obtained by weighting these conditional damages according to the EOC distribution during that period. However, in practice,40

only a subset of EOCs can usually be considered, as some may not be available, measured, or identified as relevant, whereas

exhaustively conditioning fatigue damage on numerous EOCs can result in sparse or empty bins. Consequently, if relevant

EOCs are neglected and their distributions or effects vary over time, or if residual variability in damage is non-stationary,

the resulting models may not be representative of long-term fatigue damage over the estimation period. These non-stationary

effects become more pronounced in highly stochastic offshore environments.45

Depending on the intended application, two fundamentally distinct tasks can be defined: prediction and conditional estima-

tion. In predictive settings, short-term strain measurements are used to estimate fatigue damage beyond the period for which

strain and EOC data are available, requiring assumptions or models about future or historical EOC variability. In contrast,

conditional estimation focuses on estimating fatigue damage over a period for which EOC data are available, while strain

measurements are limited to a shorter subperiod. In this case, the target-period EOC distribution is observed and can be used50

directly, avoiding the need to model unknown future or past EOCs. However, both prediction and conditional estimation share a

common source of uncertainty: the inherent variability of fatigue damage under given EOCs and the potential non-stationarity

of the conditional damage model due to unobserved or unaccounted factors.

Regarding the duration of the effective short-term strain monitoring period for accurate long-term damage estimation, the

literature presents conflicting views (Hübler et al., 2018; Marhadi and Skrimpas, 2015; Marsh, 2016; Loraux and Brühwiler,55

2016; Mai et al., 2019). Hübler et al. (2018) and Hübler and Rolfes (2022) suggest that 9-10 months of strain data may already

yield representative mean values with long-term damage estimation errors below 10%, whereas Marhadi and Skrimpas (2015)

and Marsh (2016) argue that seasonal and interannual variability requires periods of at least 18 months, or even multiple years,
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to capture rare but influential events, such as storms. The reported conclusions are often supported by analyses that account

for statistical uncertainty associated with limited strain monitoring data via bootstrapping or other resampling techniques.60

However, while statistical uncertainty quantifies variability due to limited data (Morey et al., 2016; Efron, 1992), it does not

capture non-stationary uncertainty arising from unconsidered features or non-stationary noise.

Despite significant progress in data-driven fatigue damage assessment, the existing literature relies on several implicit as-

sumptions that remain largely unverified under long-term operating conditions. Although a small number of studies discern

between aleatoric and epistemic uncertainty (Mai et al., 2019; Tatsis et al., 2017), these approaches typically assume that the65

conditional relationship between EOCs and fatigue damage is stationary over time. Uncertainty quantification is thus often re-

stricted to statistical uncertainty arising from finite strain sample sizes, commonly assessed through resampling techniques such

as bootstrapping, without explicitly evaluating whether these measures capture stochastic variability beyond the measurement

period. Moreover, most empirical validations are based on datasets spanning at most one to three years (Hübler and Rolfes,

2022), limiting the ability to observe interannual variability, rare events, and non-stationary behavior in either the environmen-70

tal loading or the structural response. As a result, it remains unclear whether the reported uncertainty and accuracy claims

remain valid when short-term strain measurements are mapped to substantially longer fatigue damage estimation periods.

In this work, we address these limitations through a comprehensive long-term analysis based on a rarely available eight-year

strain and SCADA monitoring dataset from an in-service offshore wind turbine. Rather than targeting predictive lifetime ex-

trapolation (Hübler et al., 2019, 2018; Loraux and Brühwiler, 2016; Marsh, 2016; Pacheco et al., 2022), we deliberately focus75

on a fatigue damage estimation task, in which damage is estimated over periods with known EOC histories. This choice allows

us to isolate and quantify interannual variability in fatigue damage estimates that arises solely from limited strain monitoring,

without conflating it with additional uncertainties inherent to prediction tasks, such as unknown future environmental condi-

tions. In our study, we systematically quantify the variability in estimated fatigue damage induced by different short-term strain

measurement windows and showcase how this variability persists even when state-of-the-art conditional damage models are80

employed. We further disentangle the dominant sources of uncertainty by explicitly distinguishing between statistical uncer-

tainty due to finite sample sizes, commonly assessed via bootstrapping, and non-stationary uncertainty arising from unobserved

or unaccounted variability in the damage response under given EOCs. By analyzing multiple short-term measurement durations

and varying bin sizes and dimensionalities, we show how modeling choices interact with limited data to amplify or attenuate

interannual variability. By examining how the inclusion or omission of specific EOCs affects the stability of the conditional85

damage mapping, we provide a causal interpretation of the observed variability and identify which environmental drivers are

responsible for residual non-stationarity. Together, these contributions provide a rigorous validation of existing data-driven

fatigue damage estimation practices and reveal fundamental limitations that directly propagate into long-term fatigue damage

predictions based on short-term strain measurements. To structure the analysis, our study addresses the following key research

questions:90

– To what extent does the estimated long-term fatigue damage depend on the specific one-year strain measurement window

used, when estimation is performed over a fixed EOC period using state-of-the-art linear and conditional (binning-based)

damage models?
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– What are the relative contributions of statistical uncertainty due to finite strain sample sizes and non-stationary aleatoric

variability in the conditional damage response to the observed interannual variability in estimated fatigue damage?95

– How does increasing the duration of the strain monitoring period (from one to multiple years) affect the magnitude and

dispersion of interannual variability in fatigue damage estimates?

– How should bootstrapping-based uncertainty quantification be correctly interpreted in fatigue damage estimation from

limited strain measurements, and why is it fundamentally unable to represent interannual variability arising from non-

stationary conditional damage?100

– How does the selection and dimensionality of considered EOCs in the conditional damage mapping influence the stability

of fatigue damage estimates and the persistence of residual non-stationarity?

In Sec. 2, we review existing data-driven approaches for fatigue damage estimation using strain measurements and iden-

tify key unresolved challenges. In Sec. 3, a framework for mapping measured strain-based fatigue damage to longer periods

with available EOCs is introduced, including the problem setting, notation, and formulation. In Sec. 4, the available strain105

measurement data, monitoring setup, and fatigue damage calculation procedure are described, together with the experimental

protocol. In Sec. 5, the impact of interannual variability on fatigue damage estimates is systematically analyzed. The effects of

monitoring duration, wind-speed discretization, and within-bin variability are presented and discussed. Additionally, an inter-

pretation of narrow bootstrap confidence intervals and their relationship to interannual variability is shown. Finally, in Sec. 6,

we summarize the main findings.110

2 Related work and unresolved challenges

2.1 Data-driven fatigue damage estimation from limited strain measurements

Data-driven approaches for long-term fatigue damage estimation seek to estimate accumulated damage over extended periods

using strain measurements available only over limited monitoring windows, typically complemented by longer records of

environmental and operational conditions. Existing methods range from linear temporal extrapolation to conditional damage115

mapping approaches, including binning-based and machine learning models (Noppe et al., 2020; Sadeghi et al., 2024; Hübler

and Rolfes, 2022; Mujtaba et al., 2026). Linear temporal extrapolation (Loraux and Brühwiler, 2016), assumes that both the

EOC distribution and the damage response are stationary, such that the mean damage observed during the measurement period

can be directly linearly scaled to the estimation period (Hübler et al., 2018; Ziegler, 2018). Conditional approaches partially

relax this assumption by estimating fatigue damage as a function of selected EOCs, e.g., wind speed, turbulence intensity,120

and wave height, and reweighting these conditional estimates using the EOC distribution over the estimation period (Hübler

et al., 2018; Noppe et al., 2020; Pacheco et al., 2023). Comparative studies generally report improved performance of low-

dimensional conditional models, particularly those conditioned on wind speed, when strain data are scarce (Hübler and Rolfes,

2022). However, these approaches implicitly assume that the selected EOCs capture the dominant drivers of fatigue damage and
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that the conditional damage–EOC relationship remains stable over time. The robustness of these assumptions under long-term125

interannual variability is not systematically evaluated due to the limited duration of most analyzed datasets.

2.2 Selection of environmental and operational parameters in conditional models

A fundamental challenge in conditional fatigue damage estimation is the selection of an appropriate subset of EOCs. While

increasing the number of conditioning variables can, in principle, reduce unexplained variability in damage estimates, practical

implementations are constrained by sparse or empty bins when strain measurements are limited. Consequently, most studies130

condition damage on a small number of EOCs, typically wind speed, turbulence intensity, wind direction, and operational state

(Loraux and Brühwiler, 2016; Hübler et al., 2018; Noppe et al., 2020; Mai et al., 2019; Marsh, 2016). Restricting the condition-

ing space implicitly assumes that unconsidered EOCs either have negligible influence on fatigue damage or exhibit stationary

distributions over the estimation period. Although recent work has explored higher-dimensional conditioning schemes, includ-

ing wave-related parameters (Hübler and Rolfes, 2022), empirical validation remains limited to short monitoring periods. As135

a result, it remains unclear whether reported reductions in estimation error reflect improved representativeness of the damage

model or an alignment that is specific to the selected measurement window and does not generalize to the estimation period.

2.3 Strain monitoring duration and representativeness

The literature provides conflicting guidance regarding the minimum duration of strain monitoring required for accurate long-

term fatigue damage estimation. Such variation is expected, as the minimum measurement duration also depends on factors140

such as the turbine design and site-specific conditions. Some studies suggest that periods of approximately 9-10 months may

yield representative mean fatigue damage estimates with errors below 10% (Hübler and Rolfes, 2022; Hübler et al., 2018),

provided that seasonal variability is captured and no major structural or environmental changes occur during the estimation

period. Other studies argue that longer monitoring durations, ranging from 12-18 months to multiple years, are necessary to

capture influential events such as storms or emergency shutdowns (Marhadi and Skrimpas, 2015; Marsh, 2016; Loraux and145

Brühwiler, 2016; Mai et al., 2019). These conclusions are typically supported by uncertainty analyses applied to the available

strain data. However, due to the limited duration of most datasets, such analyses cannot directly assess interannual variability or

evaluate whether short-term measurements are representative of longer estimation periods. Consequently, the extent to which

reported accuracy levels generalize beyond the specific monitoring window remains unclear.

2.4 Uncertainty quantification under limited data150

Uncertainty quantification in data-driven fatigue damage estimation is most commonly performed using resampling techniques,

such as bootstrapping (Morey et al., 2016), to characterize statistical uncertainty arising from finite sample sizes (Hübler and

Rolfes, 2022; Pacheco et al., 2023; Noppe et al., 2020; Marsh, 2016; Petrovska et al., 2020). These methods are often interpreted

as providing confidence bounds on long-term damage estimates. However, bootstrapping quantifies only statistical uncertainty

associated with the measurement window and does not account for variability arising from non-stationary damage behavior or155
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unobserved EOCs. A detailed methodological treatment of bootstrapping strategies, including their assumptions, limitations,

and correct interpretation in the context of fatigue damage estimation, is provided in Sadeghi et al. (2024). In Sadeghi et al.

(2024), it is further clarified that bootstrap-based bounds quantify data sufficiency within the measurement window, but do not

imply that the measurement period is representative of longer estimation periods.

Only a limited number of studies explicitly model the stochastic behavior beyond the measurement period by propagating160

uncertainty from short-term data to longer estimation horizons. For example, Mai et al. (2019) addressed predictive fatigue

damage estimation by distinguishing between the year-to-year variation of loading conditions, captured through the scale

parameter of the wind speed distribution updated via Bayesian inference, and the statistical uncertainty in the fitted stress-

range distributions arising from limited strain measurement duration. Under the assumption that waves are primarily wind-

driven, interannual variability in fatigue loading was considered to be sufficiently represented by the variability in wind speed,165

such that the wind speed binning captures the year-to-year differences in fatigue damage. The residual uncertainty on the

stress-range distribution parameters was, therefore, treated as a sampling effect due to finite data, incorporated by assigning a

normally distributed random variable to the scale parameter of the fitted stress-range distribution within each wind speed bin,

with a coefficient of variation that decreases as more measurement data become available. A Bayesian framework was then

used to update the joint distribution of EOCs and infer long-term fatigue damage. While this approach constitutes an important170

step toward uncertainty-aware damage prediction, it relies on assumptions regarding the representativeness of selected EOCs

and the adequacy of short-term strain measurements to characterize long-term conditional damage behavior. Moreover, such

formulations have not been empirically validated against long-duration strain datasets, limiting the ability to assess whether

the adopted uncertainty models capture observed interannual variability. Overall, the scarcity of datasets combining multi-year

strain measurements with comprehensive EOC records has constrained systematic evaluation of uncertainty quantification175

methods and the stability of conditional damage mappings over time, leaving key questions regarding representativeness and

non-stationarity unresolved.

3 Methods

This section formalizes the fatigue damage estimation task, the family of damage mapping models considered in this study, and

the protocols used to quantify (i) statistical uncertainty induced by finite strain data and (ii) interannual variability induced by180

the choice of the strain monitoring window.

3.1 Problem setting and notation

We consider 10-minute time indices t= 1, . . . ,N , where N denotes the dataset length. For each timestamp t, the strain measure-

ments are converted into a short-term (10-minute) fatigue damage value dt ∈ R+, and the corresponding EOCs are summarized

by a feature vector xt ∈ RX (e.g., wind speed, wind direction, turbulence intensity, operational state). Two time periods are185

defined:
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Figure 1. Schematic representation of data availability in data-driven fatigue damage estimation. The red bounding box denotes the period

of interest, while the full timeline indicates the system lifetime. Each row illustrates a distinct combination of strain data (damage-relevant

measurements) and environmental or operational conditions (EOCs). In (a) and (b), EOCs are fully observed over the period of interest,

whereas in (c) and (d), only a subset of representative EOCs is considered, despite covering the full period. In (a) and (c), strain data nearly

cover the period of interest, while in (b) and (d), strain data are restricted to a shorter subinterval.

– Measurement window M (limited strain monitoring): a contiguous set of indices with |M|=Nm, for which both

{dt,xt}t∈M are available.

– Period of interest (PI) P (long-term estimation): a larger set of indices than the measurement window with |P|=NPI,

for which EOCs {xt}t∈P are available, and for which we estimate accumulated fatigue damage.190

The target quantity is the mean 10-minute damage over the PI:

µd =
1

NPI

∑

t∈P
dt, (1)

and the corresponding accumulated damage over P:

D =NPI ·µd . (2)

In this work, we focus on a fatigue damage estimation task: P corresponds to a time span for which EOCs are known (e.g.,195

SCADA history), while strain-derived damages are available only for a shorter subperiod M⊂P . This isolates the uncertainty

induced by limited strain monitoring from additional uncertainty sources specific to prediction beyond the available EOC

record. Even in a task where the EOC history over P is known (e.g., from SCADA), two practical limitations remain: (i)

the fatigue load response (strain-derived damages) is only observed in a limited window M, and (ii) some relevant EOCs

may be missing, unavailable, or unaccounted for in xt. Figure 1 illustrates representative cases ranging from an ideal setting200

(representative M and complete EOCs) to more common situations where M is unrepresentative of P and/or the conditioning

EOCs are incomplete, which can induce systematic estimation bias even when conditional damage models are used.
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Figure 2. Flowchart for estimating fatigue damage over a defined period of interest from short-term (10-minute) damage measurements. The

procedure considers two estimation pathways: linear damage extrapolation (0D) and a binning approach conditioned on environmental or

operational conditions (EOCs). Starting from 10-minute damage–EOC pairs, it is first assessed whether conditioning on EOCs is performed.

If not, damage is extrapolated directly over the period of interest using linear scaling (0D). If conditioning is applied, short-term damages

are assigned to EOC bins, bin-wise damage estimators are computed, and their contributions are weighted by the probability of occurrence

of each EOC bin over the period of interest. The final estimate is obtained by combining the probability-adjusted bin contributions.

3.2 Damage mapping models

We study a hierarchy of mapping models that estimate µ̂d (and thus D̂) from the measurement window M and the EOC history

from P . Models differ in the degree to which they condition on EOCs. Figure 2 provides a workflow view of the estimation205

task. Given paired observations {(dt,xt)}t∈M and an EOC history {xt}t∈P , we either: (i) use the measurement-window mean

directly (0D, i.e., no EOC conditioning), or (ii) estimate a conditional damage mapping over EOCs and reweight it using the

empirical EOC distribution over P , yielding an EOC-adjusted estimator (Sadeghi et al., 2024). This work focuses on binning-

based conditional mapping, but the same workflow applies to other conditional estimators that map EOCs to damage and are

aggregated over P .210

Unconditional linear extrapolation

The simplest approach assumes that the measurement window, M, is statistically representative of the entire period of interest,

PI (Amiri et al., 2019; Ziegler and Muskulus, 2016a). Consequently, the PI mean damage is estimated directly as the sample

mean of measured damages (Hübler and Rolfes, 2022):

µ̂0D =
1

Nm

∑

t∈M
dt , (3)215

yielding an accumulated damage estimate:

D̂0D =NPI · µ̂0D. (4)

This model inherently neglects any distributional shifts in EOCs between the measurement window M and the target period

P , potentially leading to estimation errors (Mozafari, 2023).
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Conditional binning models220

To account for EOC variability over P , we consider conditional damage mapping via binning. Let zt ∈ RZ denote a selected

subset of EOCs (0< Z ≤X), and let B = {B1, . . . ,BNb
} be a partition of the Z-dimensional EOC space into Nb discrete bins.

Each timestamp t is assigned a bin index b(t) ∈ {1, . . . ,Nb} based on the observed zt. The process consists of a conditional

estimation phase using the measurement window, followed by an estimation phase over the PI. For each bin i, we estimate the

conditional mean damage from the measurement window M:225

µ̂i =
1

Nm,i

∑

t∈M b(t)=i

dt , Nm,i = |{t ∈M : b(t) = i}| . (5)

In the absence of observations for bin i within the measurement window (i.e., Nm,i = 0), the estimator µ̂i is undefined. Let

z ∈ {0,1, . . . ,Z} denote the conditioning level, where level z corresponds to conditioning on the first z selected EOC variables,

and level 0 corresponds to the unconditional model. To establish a fully specified damage mapping, we recursively define a

robust estimator µ̃(z)
i at hierarchy level z. This estimator prioritizes local data where available, while imputing missing values230

using the parent level z− 1 when necessary:

µ̃
(z)
i =





µ̂i, if Nm,i > 0 (observed),

µ̃
(z−1)
i , if Nm,i = 0 (imputed),

(6)

where the base case µ̃(0) defaults to the unconditional mean µ̂0D. Note that for all populated bins, this robust estimator is

identical to the standard sample mean (µ̃(z)
i ≡ µ̂i); the recursive imputation applies only to sparse regions of the EOC space.

The resulting set {µ̃(Z)
i }Nb

i=1 constitutes the fully specified damage mapping derived from M. For notational conciseness, we235

denote these final estimates simply as µ̂i.

To estimate the damage over the full PI, we characterize the target EOC distribution by computing the empirical probability

of each bin using the long-term record from P:

P̂i =
1

NPI
|{t ∈ P : b(t) = i}| ,

Nb∑

i=1

P̂i = 1. (7)

The estimated PI mean damage is then obtained by reweighting the bin-level conditional means, µ̂i, according to the PI240

probabilities, P̂i, (Sadeghi et al., 2024):

µ̂ZD =

Nb∑

i=1

P̂i · µ̂i, (8)

and the total accumulated damage is estimated as:

D̂ZD =NPI · µ̂ZD. (9)
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3.3 Estimation error and uncertainty decomposition245

To evaluate model performance, we define the estimation error of the estimated PI mean as:

e= µd − µ̂d, (10)

where µd is the ground-truth PI mean computed from the full record P and µ̂d is the estimate derived from the measurement

window M. In this paper, we report the normalized error as a percentage:

enorm =
e

µd
· 100 . (11)250

The error e arises from two distinct mechanisms: (i) statistical uncertainty due to the finite number of samples available in M,

and (ii) interannual variability (or systematic bias) caused by limited representativeness, where the distribution of unconsidered

EOCs or structural response in M differs from P . We quantify these components separately as follows.

3.3.1 Statistical uncertainty (bootstrap analysis)

Even if the measurement window M is fixed, estimators of fatigue damage derived from finite strain samples exhibit variability255

due to sampling effects. We quantify this sampling variability conditional on M using the BootWhole (“resample-then-bin”)

bootstrap strategy, in which resampling is performed on the full paired set in M before recomputing bin statistics (Sadeghi

et al., 2024):

– Resampling: Construct Nboot bootstrap replicates. For each replicate j, sample Nm paired observations {(dt,zt)}t∈M

with replacement from the measurement window.260

– Re-estimation: For each replicate, recompute the conditional bin statistics (e.g., bin-wise mean damage) using Eq. (5),

and evaluate a damage estimator θ̂(·) based on the resampled data.

– Aggregation: For estimators based on bin reweighting, the bootstrap replicate is obtained as

θ̂(j) =

Nb∑

i=1

P̂i · θ̂(j)i , (12)

where θ̂
(j)
i denotes the conditional statistic in bin i computed from the bootstrap sample, and P̂i are the fixed target265

probabilities derived from P via Eq. (7).

The ensemble {θ̂(j)}Nboot
j=1 provides an empirical approximation of the sampling distribution of the estimator conditional on the

observed measurement window. An empirical (1−α) confidence interval (CI) can then be derived from the quantiles of this

ensemble as

CI1−α =
[
Qα/2(θ̂

(j)), Q1−α/2(θ̂
(j))

]
. (13)270
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Importantly, these bootstrap quantile bounds reflect data sufficiency and sampling variability within the fixed window M. They

do not imply that M is representative of P , and therefore cannot capture window-to-window variability or non-stationary

conditional damage behavior across years. In the specific case of estimating the PI mean fatigue damage using conditional

binning, the estimator reduces to:

θ̂(j) ≡ µ̂(j) =

Nb∑

i=1

P̂i · µ̂(j)
i , (14)275

which corresponds to the reweighted conditional mean defined in Eq. (8) evaluated on the bootstrap sample. This interval

reflects statistical uncertainty associated with finite strain samples within M.

3.3.2 Interannual variability (sliding window analysis)

To quantify the sensitivity of the estimated damage to the choice of monitoring period (temporal representativeness), we per-

form a sliding window analysis. We use time-consecutive windows rather than random resampling because random sampling280

tends to collapse temporal structure toward the dataset mean and can obscure year-by-year variability (Hübler et al., 2018).

Specifically, we generate K time-consecutive measurement windows M(k) of fixed duration L (e.g., L= 1 year) using a cir-

cular sliding scheme with step ∆ (e.g., 90 days), to use the measurement period evenly. Figure 3 illustrates the resulting set of

potentially overlapping windows and the wrap-around at the dataset boundary. For each window M(k), we:

– Compute the conditional mapping µ̂
(k)
i using data exclusively from M(k) (Eq. (5));285

– Estimate the global mean µ̂(k) over P using the fixed weights P̂i (Eq. (8));

– Evaluate the normalized error e(k)norm relative to the ground truth (Eq. (11)).

The dispersion of the resulting error distribution {e(k)norm}Kk=1 quantifies the interannual variability of the considered strategy.

To assess the impact of monitoring duration, this protocol is repeated for varying window lengths L.

3.4 Bin-wise error attribution290

To diagnose the sources of interannual variability, we decompose the normalized estimation error into contributions from

individual EOC bins. Let µi denote the reference (ground-truth) mean 10-minute damage within bin i computed over the full

period of interest P , and let µ̂(k)
i denote the corresponding bin-wise estimate obtained from monitoring window M(k) (Eq. (5)).

We weight bin-level discrepancies using the empirical bin probabilities over P , P̂i (Eq. (7)), yielding a bin-wise contribution

to error (in percent) defined as:295

C
(k)
i =

P̂i

(
µi − µ̂

(k)
i

)

µd
· 100 , (15)
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Figure 3. Schematic representation of the considered time windows for fatigue damage estimation. The K=32 windows M (k) of duration

L = 1 year (black) are constructed using a sliding scheme with time step ∆= 90 days, resulting in overlapping segments across the 8-year

period of interest, NPI. The panel at the bottom shows an alternative scheme based on 8 consecutive non-overlapping yearly windows (gray).

where µd is the ground-truth PI mean damage (Eq. (1)). By construction, the sum of bin contributions recovers the normalized

error for window k:

e(k)norm =

Nb∑

i=1

C
(k)
i =

∑Nb

i=1 P̂i

(
µi − µ̂

(k)
i

)

µd
· 100 . (16)

To identify bins that consistently drive the error across windows, we define an importance score, Ii, as the average absolute300

contribution over K windows:

Ii =
1

K

K∑

k=1

∣∣∣C(k)
i

∣∣∣ . (17)

Bins are ranked by Ii, and the highest-ranked bins can be identified as the dominant contributors to interannual variability. To

characterize within-bin error independently of the global reweighting, the normalized bin-level error can be calculated:

e
(k)
norm,i =

µi − µ̂
(k)
i

µi
· 100 . (18)305

Unlike C
(k)
i , which weights discrepancies by the empirical bin probability P̂i over P , e(k)norm,i measures the relative error

conditional on bin i.

4 Eight-year strain and SCADA monitoring dataset: empirical evaluation

Our monitoring campaign provides an extensive, long-duration record to assess how short-term strain measurements can sup-

port fatigue damage estimation over a much longer period with known environmental and operational conditions. Specifically,310

the eight-year joint strain–SCADA dataset enables (i) a controlled setting in which the period of interest is fixed, (ii) systematic

variation of the strain measurement window, and (iii) a direct quantification of interannual variability that cannot be observed

in typical one-to-three-year datasets.
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Figure 4. Sensor layout on the turbine tower and associated loading directions (adapted from Sadeghi et al. (2023)). Six strain sensors

(S1–S6) are mounted in a circumferential arrangement at a height of 19 m above the lowest astronomical tide (LAT). The coordinate system

and principal directions are indicated, together with the prevalent wind direction. Mtn and Mtl denote bending moments in the normal (along-

wind, fore-aft) and lateral (cross-wind, side-side) directions, respectively.

4.1 Data availability and setup

We analyze an eight-year monitoring dataset from a 3 MW, monopile-supported offshore wind turbine located in the North Sea.315

The dataset includes 10-minute strain time series and concurrent 10-minute SCADA records. As shown in Figure 4, the turbine

is instrumented with six strain gauges at the tower-transition piece interface. Figure 5 summarizes daily strain availability over

the eight years, computed as the fraction of available 10-minute strain records per day. All years exceed 95% availability,

except years 3, 4, and 6 (72%, 85%, and 89%, respectively).

4.2 Fatigue damage calculation from strain measurements320

While a comprehensive explanation of the transformation from raw strain measurements to 10-minute fatigue damage in a

specific heading is provided by Sadeghi et al. (2022), the procedure is summarized in Figure 6. For each 10-minute interval, we

convert measured strain time series to bending moments in the fore-aft (FA) and side-side (SS) directions using the nacelle yaw

angle from SCADA data. We then compute the damage following the DNV-RP-C203 guidelines (DNV, 2016). Specifically,

we apply rainflow counting to the reconstructed stress time series and calculate Palmgren-Miner’s damage for each sensor’s325

heading, FA, and SA directions, adopting the linear SN curve DNV-D-W with a slope m= 3 (Socie, 1992; Palmgren, 1924).
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Figure 5. Daily strain data availability over eight monitoring years. Each row corresponds to one year, with color indicating the fraction of

available data per day. Values close to unity (green) denote near-complete availability, while lower values (yellow to blue) and white gaps

indicate reduced or missing data.

.

The resulting 10-minute damage dt is computed as:

dt =

Nσ∑

ℓ=1

nt,ℓ

Nf (∆σt,ℓ)
=

Nσ∑

ℓ=1

nt,ℓ

ā(∆σt,ℓ)−m
, (19)

where ∆σt,ℓ and nt,ℓ denote the stress range and associated cycle count in stress-range bin ℓ obtained from rainflow counting

within the 10-minute interval t, Nσ is the number of stress-range bins, and Nf (∆σ) = ā(∆σ)−m is the S-N curve expressed330

as the number of cycles to failure at stress range ∆σ with slope m and intercept ā. All calculations are performed using the

Py-fatigue Python package (D’Antuono et al., 2022).

4.3 Experimental protocol

In this section, we describe the experimental protocol followed in this study. Consistent with the notation in Sec. 3, the PI is the

full eight-year record P = {1, . . . ,NPI} for which the EOC history {xt}t∈P is available, while measurement windows M⊂P335

are contiguous subsets of P for which paired observations {(dt,xt)}t∈M are available. For each experiment, we fit a damage

mapping using data in M only, then estimate the PI mean damage by reweighting with the fixed PI EOC distribution, and finally

evaluate performance using the normalized error metrics. All analyses are reported for three damage signals derived from the

strain gauges: fore-aft (FA), side-side (SS), and the sensor heading S5. For each direction, we apply the same estimation

workflow and the same definitions of ground-truth PI mean and error metrics, enabling direct comparisons across damage340

directions.
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Figure 6. Flowchart for the computation of 10-minute fatigue damage in the fore-aft (FA) and side-side (SS) directions from strain sensor

measurements. Starting from 10-minute strain time series of all available sensors, the procedure includes temperature compensation and

calibration, followed by conversion to stress. The stress signals are then combined to obtain global North–South and East–West bending

moment time series, which are subsequently transformed into FA and SS components using sensor headings and the mean yaw angle. These

bending moments are converted back to stress time series based on geometrical properties, after which cycle counting is performed and

damage is computed using the Palmgren–Miner rule and the corresponding S–N curve.

We consider the unconditional 0D extrapolation approach and the hierarchy of conditional binning models introduced

in Sec. 3. Conditioning variables are selected from wind speed (WS), operational case (Case), wind direction (WD), and

turbulence intensity (TI), yielding the following model set: 0D; 1D-WS; 1D-Case; 2D-Case,WS; 3D-Case,WS,WD; 3D-

Case,WS,TI; and 4D-Case,WS,WD,TI. Unless stated otherwise, bins are defined using widths of 2 m/s for WS, 30◦ for WD,345

and 0.1 for TI. Operational cases include operating (positive power production), non-operating (zero or negative power produc-

tion), and rare or transitional events. Empty bins within a measurement window are handled using the hierarchical imputation

rule defined in Eq. 6. Whenever a conditional bin has no observations in M (Nm,i = 0), its statistic is imputed from its parent

bin at the next coarser conditioning level.

To quantify interannual variability and the sensitivity to the specific monitoring period, we first perform a sliding-window350

analysis over the eight-year dataset. We construct K = 32 time-consecutive measurement windows {M(k)}Kk=1 of fixed dura-

tion L= 1 year, using a circular sliding-window scheme with a step size of ∆= 90 days (Figure 3). For each window M(k)

and each model configuration, we estimate the conditional damage mapping using data in M(k) only, estimate the PI mean

damage over the common P , and compute the corresponding normalized error. This protocol yields, for each model and dam-

age direction, an empirical distribution of errors across the 32 monitoring windows. As a complementary evaluation that avoids355

overlap between monitoring periods, we repeat the same procedure using eight consecutive annual blocks as measurement win-
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dows, denoted M(k) for k ∈ {1,5,9,13,17,21,25,29}. Each M(k) contains all available 10-minute damage observations and

EOCs within that year. For each year, we fit the mapping on M(k), estimate the PI mean over the common P , and compute the

corresponding normalized error.

To examine how monitoring duration affects damage estimation, we extend the sliding-window analysis to window lengths360

L ∈ {1,2,3} years. For each duration, we again construct K = 32 windows using the same circular sliding scheme with step

∆= 90 days, to preserve a constant number of windows across durations. For each window, model, and damage direction, we

estimate the PI mean over P and compute the normalized error, enabling a consistent comparison of error distributions as a

function of L. We additionally isolate the effect of discretization in the 1D-WS model by varying the wind-speed bin width

while keeping all other settings unchanged. Specifically, we test WS bin widths in {0.1, 0.5, 1, 2, 4, 8} m/s. This sensitivity365

analysis is performed using the eight consecutive annual measurement windows M(k) and focuses on the S5 damage direction.

For each bin width and each year, we fit the 1D-WS mapping on M(k), estimate the PI mean over P , and compute the

normalized error. To quantify statistical uncertainty induced by finite strain data within a fixed monitoring window, we apply

the BootWhole bootstrap strategy with Nboot = 1000 replicates. We perform this analysis for the 0D and 1D-WS models using

(i) each of the eight consecutive annual windows M(k) and (ii) a set of eight two-year windows constructed with a one-year370

step size. In all cases, bootstrap resampling is performed within the chosen M, the estimator is recomputed for each replicate,

and empirical 95% confidence intervals are obtained from the corresponding bootstrap quantiles (Eq. 13).

Finally, to investigate which regions of the EOC space drive the observed interannual variability, we perform a hierarchical,

bin-wise attribution analysis on the S5 damage signal using the eight consecutive annual measurement windows M (k), k ∈
{1,5,9,13,17,21,25,29}. We begin with the 1D-WS mapping and rank wind speed bins by their importance score (Eq. 17),375

identifying those that contribute most strongly to the total normalized error enorm. For the highest-ranked wind speed bins,

we refine the partition by conditioning on operational cases, yielding 2D-(Case,WS) bins and repeating the same ranking

procedure. We further subdivide the most influential 2D-(Case,WS) bins by turbulence intensity to obtain 3D-(Case,WS,TI)

bins and quantify within-bin discrepancies. Across all hierarchy levels, we compute (i) the bin importance via Eq. 17 and (ii)

the normalized bin-level error via Eq. 18. Empty bins within each measurement window are handled using the hierarchical380

imputation rule (Eq. 6) before evaluating importance scores or bin-level errors.

5 Results and discussion

This section reports the empirical accuracy and variability of fatigue damage estimation methods when only a limited strain

measurement window is available. Using the eight-year dataset as the period of interest (PI), we (i) quantify interannual vari-

ability of the estimated PI mean damage across multiple measurement windows, (ii) analyze the dependence of this variability385

on the chosen conditioning variables and damage direction, and (iii) distinguish the window-to-window variability from the

statistical uncertainty typically estimated via bootstrapping.
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Figure 7. Normalized error of the mean fatigue damage in the fore-aft (FA), side-side (SS), and S5 directions for the considered binning

strategies. Box plots show the error distribution across the 32 yearly windows. For each strategy and direction, the box represents the

interquartile range (IQR, defined as the 25th–75th percentiles), the central line indicates the median, and the whiskers extend to values within

1.5× IQR. Individual markers denote the eight consecutive, non-overlapping yearly windows.

5.1 Interannual variability

5.1.1 Sliding window analysis

Figure 7 illustrates the distribution of normalized errors, enorm, obtained when the conditional damage model is fitted on dif-390

ferent one-year measurement windows. For each binning strategy, the box plots represent the variability across the sampled

windows, and the circle markers indicate the errors obtained from the eight consecutive calendar-year windows. The spread of

the error distribution (i.e., interannual variability) depends strongly on the selected mapping model. For the unconditional lin-

ear extrapolation model (0D), the estimated mean can deviate more than ± 20%, depending on the considered annual window,

showing that simple extrapolation is sensitive to interannual changes in operating and environmental conditions (Ziegler and395

Muskulus, 2016b). Conditioning on wind speed (1D-WS) reduces this spread but does not eliminate it. Even after correcting

for wind-speed distribution shifts, some windows still yield deviations exceeding ±10%. This indicates that wind-speed con-

ditioning alone does not capture the full variability observed across measurement windows. Similar observations are mirrored

in recent literature. Hübler and Rolfes (2022) reported errors of up to 35% when extrapolating to a different year using 13

overlapping annual blocks, while Sadeghi et al. (2024) identified discrepancies of up to 40% between the mean damage of six400

individual years, even when restricting the analysis to nominal operations. Higher-dimensional conditioning can further reduce

interannual variability for some configurations (e.g., 4D-Case,WS,WD,TI), but improvements are not monotonic with increas-
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Figure 8. Normalized error of the mean fatigue damage for the considered binning strategies and directions, evaluated separately for each of

the eight consecutive, non-overlapping yearly windows. Each point corresponds to one year–strategy–direction combination. Colors indicate

the binning strategy (dimensionality and the selected features), while marker shapes indicates the damage direction (FA, SS, and S5). The

horizontal dashed line marks zero error.

ing dimension. In particular, the benefit of additional conditioning variables depends on whether they capture the dominant

drivers of variability for the considered turbine and direction, and on whether sparsity effects counteract the potential gains.

Taken together, the residual spread observed for 1D-WS indicates that the interannual variability of enorm cannot be at-405

tributed to wind-speed distribution shifts alone. In the decomposition introduced in Sec. 3, this residual reflects the combined

influence of (i) uncontrolled EOCs, which modulate loads even at comparable wind speeds (e.g., direction-, turbulence-, or

operational-driven effects, among others), and (ii) limited sampling of influential, rare high-damage episodes within a finite

measurement window. Consequently, approaches that adjust only for wind speed (Hübler and Rolfes, 2022; Noppe et al.,

2020) can underestimate variability in fatigue damage: two annual windows with similar wind-speed histograms may still410

yield markedly different estimated PI means if their joint distribution over other load-driving EOCs differs, or if one window

undersamples rare but consequential conditions. This also clarifies why increasing the binning dimension does not guaran-

tee a monotonic reduction in interannual variability. Adding conditioning variables can reduce the contribution of uncon-

trolled EOCs to enorm when the variables are informative for the considered direction, but it simultaneously increases sparsity

and the reliance on the bin-filling (empty-bin imputation) mechanism. When many bins are sparsely populated, variance and415

imputation-induced bias can offset the gains from additional conditioning, and model performance becomes sensitive to the

specific choice of EOCs and discretization settings rather than the nominal dimension alone.
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Table 1. Normalized error of the mean fatigue damage across the eight consecutive, non-overlapping yearly windows. For each binning

strategy and damage direction, the mean ēnorm and standard deviation std(enorm) are computed from the eight year-wise errors.

Binning strategy ēnorm

(FA)

ēnorm

(SS)

ēnorm

(S5)

std(enorm)

(FA)

std(enorm)

(SS)

std(enorm)

(S5)

0D -0.3 -0.4 -0.2 10.1 12.7 13.0

1D-WS -0.4 0.0 0.2 5.9 2.9 5.0

1D-Case 0.0 0.1 0.2 9.4 12.3 12.5

2D-Case,WS -0.4 0.8 0.4 7.1 2.7 5.0

3D-Case,WS,WD -0.1 1.0 0.2 6.5 2.9 6.9

3D-Case,WS,TI 0.0 0.8 0.8 7.3 2.8 5.3

4D-Case,WS,WD,TI 0.4 1.1 0.7 6.0 2.6 5.8

5.1.2 Calendar-year window analysis

Figure 8 compares year-wise errors across the three damage directions (FA, SS, S5) using the eight calendar-year windows.

Errors vary substantially with both the selected year and the damage direction. For example, for FA under the 1D-WS binning420

model, the error ranges from approximately +10% in one year (i.e, year 2) to -10% in another (i.e., year 5). Differences

between directions are similarly not negligible and can exceed 10% for the same year and model, indicating that directional

effects can influence both the magnitude and the variability of damage estimation errors. We observe that with an appropriate

binning method, such as 1D-WS, the error across all directions generally remains within 5–10%. Across models, several

approaches maintain year-wise errors within approximately 5-10% for many calendar years and directions (e.g., 1D-WS),425

consistent with earlier reports that wind-speed conditioning can reduce damage estimation errors (Hübler and Rolfes, 2022).

However, unfavorable combinations of measurement year and model choice yield errors exceeding 10%, underscoring that a

single measurement window (e.g., 2D-Case,WS; FA; year 6) is not sufficient to characterize accurate damage estimation.

Table 1 summarizes the mean error metrics and variability of the year-wise errors in Figure 8, reporting normalized mean

and standard deviation errors across the eight calendar years and for each damage direction. The variability differs by damage430

direction, with SS generally exhibiting smaller spreads than FA among the better-performing binning models, while S5 is

intermediate. Conditioning on the operational case alone (1D-Case) does not improve performance relative to 0D and exhibits

large variability, suggesting that the operational case is too coarse to explain the dominant load variability. In general, higher-

dimensional binning strategies (3D or 4D) often reduce the standard deviation of year-wise errors relative to 0D and 1D-Case,

and they are broadly comparable to 1D-WS. These results indicate that additional conditioning variables can reduce interannual435

variability in some settings, but that the benefit is limited by sparsity and by the relevance of the selected variables to the

dominant variability mechanisms.
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Figure 9. Effect of measurement window length on the normalized mean error of fatigue damage in the S5 direction. For each binning

strategy, box plots summarize the error distribution for window lengths of 1, 2, and 3 years based on 32 windows.

5.1.3 Effect of monitoring duration

Figure 9 illustrates the effect of measurement duration, L ∈ {1,2,3}, on the distribution of normalized mean errors for S5. For

low-dimensional mapping strategies (i.e., 0D–2D), increasing the strain monitoring duration is associated with a clear reduction440

in error dispersion. This reflects a reduction in sampling variability within coarse bins, as longer monitoring periods provide

more observations per bin and improve the stability of bin-wise mean damage estimates. In contrast, for higher-dimensional

binning strategies (i.e, 3D–4D), extending L only results in modest changes in the error spread. Overall, these results indicate

that longer monitoring can reduce window-to-window variability for coarse mappings, whereas the benefits are less pronounced

for more finely discretized mappings in this setting. This aligns with the conclusion in Mujtaba et al. (2026), which showed445

that higher dimensionality is favorable at smaller datasets, but has limited return when the dataset grows.

As the measurement duration increases, a wider spectrum of EOCs is collected, which typically reduces the contribution

of finite-data noise and narrows the interquartile range of errors. However, longer monitoring does not inherently guarantee

representativeness of the period of interest (PI); even multi-year windows can deviate from the ground-truth PI EOC distribu-

tion, leaving a residual interannual variability. This nuance challenges the conventional assumption found in several studies,450

which suggests that a period of several months or a few years may be sufficient for reliable fatigue assessment (Hübler and

Rolfes, 2022; Hübler et al., 2018; Marhadi and Skrimpas, 2015; Marsh, 2016). We show that multi-year datasets may still yield
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Figure 10. Effect of wind speed bin size on the normalized error of fatigue damage for the 1D-WS strategy in the S5 direction. For each bin

size, box plots summarize the distribution of errors across the eight consecutive, non-overlapping yearly windows, with individual markers

indicating the corresponding yearly values. The boxes represent the interquartile range (IQR, defined as the 25th–75th percentiles), the grey

line denotes the mean error, and the whiskers extend to values within 1.5× IQR.

inaccurate estimates for mapping methods when window-to-window variability (limited representativeness) remains dominant,

even as finite-sample variability decreases with longer monitoring.

5.1.4 Sensitivity to wind-speed discretization.455

Figure 10 isolates the effect of wind-speed discretization in the 1D-WS model for S5. Varying the wind-speed bin width from

0.1 to 8 m/s has only a minor effect on the error distribution across the 8 calendar-year windows. Extremely small bins increase

sparsity, while very large bins reduce the ability to correct for wind-speed distribution shifts. For this case study, intermediate

bin widths like 1 or 2 m/s provide a reasonable trade-off. This limited sensitivity suggests that, once bin widths are within a

reasonable range, residual interannual variability is dominated less by the discretization itself and more by (i) variability driven460

by EOCs not captured by wind speed alone and (ii) window-to-window differences in the occurrence of rare, high-damage

conditions. Practically, discretization should therefore be chosen to maintain adequate occupancy in the bins that carry most

probability mass under the PI distribution, and it should be reported alongside the empty-bin handling rule, as these two choices

jointly determine the effective bias-variance trade-off of the binned estimator.

5.1.5 Variability in conditional fatigue damage estimates465

Figure 11 shows the normalized relative bin-wise error (enorm,i) for the S5 damage direction across wind speed bins as scatter

points, together with the corresponding bin importance (Ii) shown as gray bars. The importance metric quantifies the average

contribution of each bin to the total normalized error (enorm). Empty bins are imputed using the 0D mean, as defined in Eq.

6. Although high wind speed bins exhibit larger within-bin variability, their contribution to the total error is negligible due to

their low probability of occurrence. From this analysis, the bins centered at 8 and 16 m/s are identified as having the highest470
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importance. For instance, the 8 m/s bin contributes on average approximately 1.6 % to the total error of the 1D-WS model, for

which the overall error is on the order of ±10% (Figure 7).

Figure 11. Local normalized error of fatigue damage as a function of wind speed bin, together with the corresponding bin importance.

Colored markers indicate the error contribution in each wind speed bin for the eight consecutive yearly windows, while gray bars represent the

relative importance Ii of each bin. The left axis shows the normalized error per bin, and the right axis reports the associated bin importance.

Figure 12. Local normalized error of fatigue damage across operational case bins and corresponding bin importance for wind speeds of

8 m/s (left) and 16 m/s (right). Colored markers represent the error in each operational case bin for the eight consecutive yearly windows,

while gray bars indicate the relative importance Ii of each bin. The left axis shows the normalized error per bin, and the right axis reports the

associated bin importance.
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Figure 12 shows that the wind speed bins centered at 8 and 16 m/s, which exhibit the highest importance, also display

substantial local error variability (enorm,i) when an additional conditioning dimension based on operational case (2D-Case,WS)

is introduced. Among the three operational cases, the operating case has the highest importance, whereas the non-operating475

and other cases contribute negligibly. Focusing on the operating case, the local error variability remains on the order of ±20%.

Extending the conditioning to include turbulence intensity (3D-Case,WS,TI), and restricting the analysis to the most important

bins (WS=8 or 16 m/s under operating conditions), Figure 13 shows the corresponding variability across turbulence intensity

bins. The bins corresponding to turbulence intensities of 0.1 or 0.2 exhibit the highest importance and continue to show a wide

range of local errors, again on the order of ±20%. These results indicate that increasing the number of conditioning variables480

does not eliminate the observed variability. Despite the inclusion of additional EOCs, a substantial residual variability remains

(see comparison of 1D-WS, 2D-Case,WS, and 3D-Case,WS,TI in Figure 7). This residual variability suggests that, within the

most important bins, unobserved or uncontrolled conditions vary across years and contribute significantly to the error (enorm).

Figure 13. Local normalized error of fatigue damage across turbulence intensity bins under operating conditions, and corresponding bin

importance, for wind speeds of 8 m/s (left) and 16 m/s (right). Colored markers represent the error in each turbulence intensity bin for the

eight consecutive yearly windows, while gray bars indicate the relative importance Ii of each bin. The left axis shows the normalized error

per bin, and the right axis reports the associated bin importance.

5.2 Do narrow bootstrap confidence intervals imply low interannual variability?

Bootstrap confidence intervals are commonly used to quantify uncertainty arising from finite monitoring data. However, boot-485

strap resampling is conditional on the observed measurement window and therefore primarily reflects sampling variability

within that window. To assess whether such intervals also reflect window-to-window variability in the estimated PI mean, we

compare bootstrap-based uncertainty estimates with the dispersion of errors obtained across multiple measurement windows.

Table 2 reports the standard deviation of the normalized error in the estimated mean damage from bootstrap resampling within
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Table 2. Comparison of normalized error standard deviations from bootstrapped samples for each individual year, together with the standard

deviation of the normalized mean errors across the eight consecutive windows for window lengths of 1 and 2 years. Results are reported for

the 0D and 1D-WS binning strategies in the S5 direction. Columns Btrp. (w1) to Btrp. (w8) denote the standard deviation of bootstrapped

normalized errors for each yearly window, while std(enorm) reports the standard deviation of the eight normalized mean errors across windows.

Values are expressed in percentage.

Strategy Window

length

Btrp.

(w1)

Btrp.

(w2)

Btrp.

(w3)

Btrp.

(w4)

Btrp.

(w5)

Btrp.

(w6)

Btrp.

(w7)

Btrp.

(w8)

std(enorm)

(Table 1)

0D 1 year 0.6 0.5 0.7 0.8 0.7 0.6 0.7 0.6 13

1D-WS 1 year 0.4 0.4 0.4 0.5 0.5 0.5 0.4 0.4 5

0D 2 years 0.4 0.4 0.5 0.5 0.4 0.4 0.4 0.4 8

1D-WS 2 years 0.3 0.3 0.3 0.3 0.4 0.3 0.3 0.3 4

each measurement window, together with the corresponding standard deviation computed across multiple windows without re-490

sampling. The latter is based on eight consecutive individual years and eight 2-year sliding windows with a 1-year step. Results

are reported for the S5 damage direction and expressed as percentages for both the 0D and 1D-WS models. The results show

that the standard deviations obtained from bootstrap resampling are negligible relative to the overall variability observed across

measurement windows. This indicates that, when long-term mean damage is estimated from limited-duration measurements,

interannual variability constitutes the dominant source of uncertainty, whereas sampling variability due to finite data within a495

given window plays a comparatively minor role.

Figure 14 reports normalized errors for the 0D and 1D-WS models based on (left) eight non-overlapping calendar-year

windows and (right) eight two-year windows. For each window, 95% bootstrap confidence intervals are computed using

Nboot = 1000 replicates under the BootWhole scheme (Sadeghi et al., 2024). The bootstrap intervals are consistently nar-

row across windows, indicating limited sampling variability within each window. However, the corresponding point estimates500

of the PI mean exhibit substantial variation across windows, particularly for the 0D model. In several cases, windows associated

with large errors yield narrow intervals that do not include the PI mean. This behavior reflects that bootstrap resampling quan-

tifies estimator variability conditional on the observed data, but does not capture the dominant window-to-window variability

in enorm. Increasing the monitoring duration (e.g., from one to two years) further reduces the width of bootstrap intervals,

confirming that the window-conditional sampling variability decreases with additional data. However, this reduction does not505

imply a corresponding decrease in window-to-window variability. Bootstrap confidence intervals are appropriate for assessing

sampling uncertainty within M, but they should not be interpreted as reflecting interannual variability when extrapolating

limited monitoring data to the PI.
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Figure 14. Variability of normalized total error of the estimated mean fatigue damage for two windowing schemes: eight consecutive

individual years (left) and eight 2-year windows with a 1-year step (right), over an 8-year estimation period. Results are shown for the

0D and 1D-WS binning strategies. For each window, bars indicate the normalized error relative to the 8-year reference mean µd, and vertical

lines denote the corresponding 95% confidence intervals obtained via bootstrapping.

6 Conclusions

In this work, we examine whether fatigue damage estimated from a short strain monitoring campaign can be accurately mapped510

to a longer period of interest (PI) for which only SCADA-derived environmental and operational conditions (EOCs) are avail-

able, and identify the modeling conditions under which such mapping is justified. Using an eight-year measurement campaign,

we quantify the accuracy of PI mean damage estimates obtained from limited measurement windows and compare com-

monly used damage mapping strategies based on discretized (binned) conditional models. Beyond reporting average errors,

we characterize how damage estimation accuracy depends on the considered monitoring window, damage direction, selected515

conditioning variables, and discretization settings.

A central result is that short monitoring windows can induce substantial interannual variability in the estimated PI mean

fatigue damage. This variability arises from year-to-year differences in the conditional damage-EOC mapping over yearly

windows, rather than from finite-sample effects within a fixed window. In particular, limited sampling of rare, high-damage

events and the influence of unobserved or uncontrolled drivers lead to window-dependent estimates of the conditional mean520

damage. In contrast, bootstrap-based statistical uncertainty estimates are conditional on the selected measurement window and

therefore capture only the sampling variability associated with the finite data available in that window. Consequently, narrow

bootstrap confidence intervals may coexist with pronounced differences between monitoring windows, and do not provide

evidence that a given year provides a representative estimate of the PI mean damage. Increasing the monitoring duration

generally reduces within-window sampling variability and mitigates sensitivity to individual years by improving the coverage525

25

https://doi.org/10.5194/wes-2026-65
Preprint. Discussion started: 20 April 2026
c© Author(s) 2026. CC BY 4.0 License.



of damaging conditions. However, the results show that multi-year windows do not guarantee small estimation errors when the

conditional damage-EOC is not stationary over time.

The goal of damage mapping is to estimate a conditional relationship between EOCs and short-term damage for which the

mapping derived from the measurement window provides a valid estimate when applied over the PI. In our study, unconditional

extrapolation (0D) yields large errors for certain yearly windows, with deviations reaching up to 30% in the estimated PI mean530

of 10-minute damage. Low-dimensional conditioning reduces these errors but may leave substantial variability unresolved.

Conditioning on informative EOCs, especially wind speed and its combinations with wind direction and turbulence intensity,

generally reduces sensitivity to the choice of monitoring year, with errors often on the order of 10% for the better-performing

configurations. However, these improvements are not monotonic with increasing model dimensionality. High-dimensional

binning remains susceptible to variability across years and becomes sensitive to discretization due to sparsity and empty-bin535

imputation. These results indicate that a fraction of interannual variability persists even after conditioning on commonly used

EOCs, either because relevant drivers are not captured or because the conditional damage-EOC relationship is not stationary

over time.

Although this study focuses on a specific family of discretized estimators, the limitations associated with short monitoring

windows are not specific to binning-based approaches. Any data-driven mapping derived from a limited measurement window540

remains sensitive to the representativeness of that window, as well as to residual variability arising from unobserved or insuffi-

ciently characterized EOCs and rare high-damage events. Future work may investigate the transferability of damage mapping

across turbines, farms, and operating regimes to distinguish site-specific effects from consistent patterns. In addition, Bayesian

updating frameworks that assimilate monitoring data sequentially may provide a systematic approach to quantify how uncer-

tainty in PI estimates evolves with increasing monitoring duration and coverage, while incorporating prior information and545

model discrepancy.
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