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Abstract: Reassessment of the fatigue life for wind turbine structural components is typically per-
formed using deterministic methods with the same partial safety factors as used for the original
design. However, in relation to life extension, the conditions are generally different from the assump-
tions used for calibration of partial safety factors; and using a deterministic assessment method with
these partial safety factors might not lead to optimal decisions. In this paper, the deterministic assess-
ment method is compared to probabilistic and risk-based approaches, and the economic feasibility is
assessed for a case wind farm. Using the models also used for calibration of partial safety factors in
IEC61400-1 ed. 4, it is found that the probabilistic assessment generally leads to longer additional
fatigue life than the deterministic assessment method. The longer duration of the extended life can
make life extension feasible in more situations. The risk-based model is applied to include the risk of
failure directly in the economic feasibility assessment and it is found that the reliability can be much
lower than the target for new turbines, without compromising the economic feasibility.

Keywords: life extension; wind turbines; end-of-life issues; probabilistic modeling; economic opti-
mization; fatigue; risk; remaining useful life

1. Introduction

Wind turbine towers are typically designed for a fatigue life of 20–25 years. Upon
the end of the planned life of a wind farm, wind farm owners may consider continuing
the operation for several additional years. In some countries, national regulations require
inspections and an updated assessment of the fatigue life to verify that life extension can be
performed safely, but the rules in countries differ [1]. Some components can be replaced if
the condition is not sufficient for life extension, but this is too expensive for many structural
components, such as towers [2].

Methods for fatigue life assessment are described in the DNV GL standards [3,4],
which reflects the German rules. Here, an inspection is required to assess the general condi-
tion of the components, and a fatigue life assessment is required for the main components
based on load assessment including an operations analysis. The loads and operations
analyses result in an updated assessment of fatigue life, which could be smaller or larger
than the planned original life.

Researchers search for ways to show that there is additional fatigue life remaining
by exploiting differences in the design assumptions and the reality on the wind farm
site. Various parameters, such as turbulence intensity, mean wind speed, availability, and
corrosion, affect the fatigue life, and for offshore wind turbines, additional parameters
regarding the wave climate; the interaction of these are case-specific, thus site-specific
assessment is generally necessary [5]. However, for a wind farm where conditions are
similar for the turbines within the wind farm, it is possible to assess the fatigue life for
some turbines and extrapolate for the remaining turbines [6].
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Fatigue life assessment based on data is a topic with large interest due to the challenges
in exploiting the available operational data, and researchers search for methods to lower
the computation burden of the otherwise time-demanding load simulations. A promising
solution for site-specific fatigue assessment is in the use of surrogate models of high-fidelity
load simulations. Murcia et al. [7] used polynomial surrogates based on polynomial chaos
expansion (PCE) for fatigue damage equivalent loads (DEL). Slot et al. used PCE and
Kriging surrogate models, and found that the additional uncertainty related to the use of
a surrogate model was small [8]. Schröder et al. [9] found that artificial neural network
(ANN) surrogate models performed better than PCE and quadratic polynomial models.
Dimitrov [10] further used PCA and ANN surrogate models also for wake-induced loads,
and Dimitrov and Natarajan [11] used ANN models to overcome challenges related to
limited amounts of data, and they were able to extract useful information from Supervisory
control and data acquisition (SCADA) and met-mast data, and thereby reassess the fatigue
life based on operational data [12]. Other researchers considered have found potential in
exploiting the directionality of the wind rose in the fatigue assessment [13,14]. Colone
et al. [15] investigated the impact of turbulence-induced loads and wave kinematic models
on fatigue reliability estimates of offshore wind turbine monopiles, and argue that more
accurate modeling can lead to increased fatigue life.

Strain measurements are also used in several studies. Ziegler et al. [16] combined
aero-hydro-elastic simulations and regression algorithms for extrapolation of strains to
other locations. Smith et al. [17] used strain measurements to examine the effect of tur-
bulence and shear on the fatigue loads, and Mai et al. [18] used strain measurements
and the joint distribution of oceanographic data for reliability analysis of wind turbine
support structures.

In addition to the fatigue life verification which is required in some countries, the
economic feasibility of life extension projects needs to be evaluated. Acknowledging the
interaction between economy and structural integrity, researchers suggest changing the
control to avoid the most damaging situations. Natarajan and Pedersen [19] used a spinner
anemometer to detect high-turbulence events and were able to increase the estimated
tower fatigue life by 24%, while only reducing the annual energy production (AEP) by
2%. Ilsted et al. [20] reduced leading-edge erosion by reducing the tip speed in extreme
precipitation events.

Several studies examining the feasibility conclude that the amount of refurbishments
needed for life extension is a very important factor, as well as the unknown power price [21–23].
Ziegler et al. [24] investigated the effect of increasing maintenance costs on the feasibility
of life extension compared to repowering. Rubert et al. [25] proposed to do the turbine-
specific economic evaluation based on strain measurements, accounting for the differences
in AEP between turbines. Other options include exploiting inspection data for remaining
useful life assessment [26] and for reliability updating [12]. Furthermore, structural health
monitoring is suggested for early fault detection for wind turbine blades, thus reducing
the risk of catastrophic failure events [27].

The economic assessment can also consider the risk of structural failure directly,
as assumptions regarding the economy lie behind the fatigue assessment methods applied.
Usually a deterministic (semi-probabilistic) analysis is used with the same partial safety
factors as in the original design, as given in IEC 61400-1 ed. 4 [28]. The partial safety factors
were determined by Sørensen and Toft [29], who used a probabilistic model together with
a design equation to calibrate partial safety factors, based on a design lifetime of 25 years;
see also [30,31]. The partial safety factors were calibrated to result in a reliability target
of β = 3.3 for the annual reliability index in the last year of operation. This target was
determined based on the generic table with reliability targets in ISO2394 [32], which was
derived by Rackwitz [33] using a generic risk-based model. The probabilistic models and
costs used in this generic model are not representative of the situation of life extension of
wind turbines (see [34] for an elaboration of the background for the table).
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An alternative to the use of deterministic assessment methods is to use reliability or
risk-based approaches directly. Figure 1 illustrates how the three methods for assessment
are related. The risk-based approach includes probabilistic models and costs/consequences.
The approach can be used directly for risk-informed assessment [35], or it can be used to
derive optimal reliability targets for probabilistic assessment. Nielsen and Sørensen [36]
used this approach and propose to reduce the reliability target from 3.3 to 3.1 for exist-
ing turbines, based on economic optimization and a generic cost model tailored for life
extension of wind turbines.

Figure 1. Overview of assessment methods.

Probabilistic assessment methods also use probabilistic models and can be used
directly for assessment against a given reliability level. They can also be used for calibration
of partial safety factors for semi-probabilistic/deterministic assessment. Going down to a
less-advanced method means generalization, and generally results in a higher variation of
the reliability level and risk.

This paper explores the benefit of using reliability and risk-informed methods in
terms of additional years of fatigue life and the increased profit of longer life extension
periods. It presents how the economic optimization model presented in [36] can be applied
for a specific life extension project. The paper is organized as follows: Section 2 briefly
outlines the background (for details see [29,36]), Section 3 presents the case study input
and procedures, Section 4 presents and discusses the results, Section 5 provides a broader
discussion of the implications of the results, and Section 6 concludes the paper.

2. Background

This section briefly outlines the background on deterministic, probabilistic, and risk-
informed assessment. The deterministic and probabilistic models are based on the models
used in [29] for calibration of partial safety factors for IEC 61400-1 ed. 4 [6], and the risk-
informed assessment model was first presented in [36] for the derivation of a target reliability
index for life extension. The models are briefly outlined for the sake of completeness, and
the reader is directed to the references above for further details.

2.1. Deterministic/Semi-Probabilistic Assessment

Fatigue assessment is based on SN curves, where the relation between the number of
cycles to failure N under constant amplitude loading with stress range ∆σ is given as:

N = K ∆σ−m (1)

for a linear SN curve with parameters m and K. For variable amplitude loading, Miner’s
rule for linear damage accumulation is applied. The fatigue damage D resulting from
variable loading from k stress ranges ∆σi, i = 1 : k, with each ni stress cycles is given by:

D =
k

∑
i=1

ni
Ni

=
k

∑
i=1

ni
K

∆σm
i (2)
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For a bilinear SN curve, the design equation for fatigue failure can be written as:

G(z, t) = 1− ν · t


(

γ f γm

)m1

K1,C
DBL1,tot(z) +

(
γ f γm

)m2

K2,C
DBL2,tot(z)

 (3)

where

• ν = 107 is the number of load cycles per year.
• t is the time in years.
• γ f γm = 1.25 is the partial safety factor on the load effect (stress cycles).
• m1 = 3 and m2 = 5 are SN curve slopes.
• K1,C and K2,C are the characteristic values of the SN curve intercept parameters.
• DBL1,tot(z) and DBL2,tot(z) are the mean values of ∆σm for each part of the SN curve

divided by the proportion of cycles on the respective parts of the curve.
• z is a design parameter (proportional to a cross-sectional parameter).

For the deterministic assessment, DBL1,tot(z) and DBL2,tot(z) are calculated based
on the distribution for the mean wind speed, and the distribution for the stress ranges
given mean wind speed, the characteristic value (90% quantile) of the turbulence standard
deviation, and design parameter z. In the design and assessment of wind turbines, this is
generally evaluated using rainflow counting on time series from aeroelastic simulations for
bins of the 10-min mean wind speed. For the results presented in this paper, the aeroelastic
model is represented by the same surrogate model as used in [29], which is representative
of a wind turbine tower.

2.2. Probabilistic Assessment

For probabilistic assessment, the limit state equation of fatigue failure for a bilinear
SN curve can be written as:

g(z, t) = ∆− ν · t
(
(Xload)

m1

K1
DBL1,tot(z) +

(Xload)
m2

K2
DBL2,tot(z)

)
(4)

where

• ∆ is the model uncertainty related to the use of Miner’s rule for damage accumulation,
modeled by a normally distributed variable with mean value one and coefficient of
variation COV∆ = 0.3.

• Xload is the model uncertainty of the load effect modeled by a lognormal variable with
mean value one and coefficient of variation COVload = 0.175.

• K1 and K2 are SN curve intercept parameters; log K1 and log K2 are modeled by
normally-distributed, fully-correlated stochastic variables with standard deviations
σlog K1 = σlog K2 = 0.2.

This probabilistic model is equal to the model used for calibration of partial safety
factors for IEC61400-1 [28,29]. For the probabilistic assessment, DBL1,tot(z) and DBL2,tot(z)
are calculated based on the distribution for the mean wind speed, the distribution for the
turbulence standard deviation, and the distribution for the stress ranges given mean wind
speed, turbulence, and design parameter z (see [29,36] for details). In probabilistic design
and assessment of wind turbines, this is generally evaluated using rainflow counting
on time series from aeroelastic simulations for bins of the 10-min mean wind speed and
turbulence intensity. For the results presented in this paper, the aeroelastic model is
represented by the same surrogate model as used in [29]. To evaluate the reliability,
structural reliability methods are first used to evaluate the cumulative distribution function
for the time to failure FT(t; z); then the density function for the time to failure fT(t; z) is
evaluated, and the annual probability of failure given survival in all preceding years PF(t)
is evaluated:

FT(t; z) = P(g(z, t) ≤ 0) (5)
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fT(t; z) = FT(t; z)− FT(t− 1; z) (6)

PF(t) =
fT(t; z)

1− FT(t− 1; z)
(7)

The annual reliability index is related to the annual probability of failure by the rela-
tionship:

β(t) = −Φ−1
(

Pf (t)
)

(8)

2.3. Risk-Informed Assessment

For the risk-informed assessment, the same probabilistic model as summarized in
Section 2.2 is used to model the probability of failure. However, in the risk-informed
assessment, decisions are made based on the expected present value of the profit, i.e., the
expected present value of the benefits minus the costs, when the risk of structural failure
is included in the assessment. The risk-based model for life extension was first presented
in [36] and is included here for completeness.

Figure 2 shows how the costs are distributed in time for the situation with and without
a failure in the extended life. In both cases, there is an investment made in year zero; the life
extension costs to inspections, analyses, and refurbishments. In the case of no failure, there
will be a continuous benefit from selling power, and there will be continuous expenses to
operation and maintenance (O&M) until the end of the extended life. In the case of failure
in the extended life, the benefits and variable O&M costs will discontinue at the time of
failure, whereas the fixed O&M costs will continue. Also, the failure will be associated with
a consequence/cost at the time of failure.

Figure 2. Illustration of how the benefits and costs are distributed in time in the extended life: (a) when there is no failure in
the extended life; (b) when there is a failure in year seven.

The expected value of the profit Z(Text; z) as a function of the life extension period
Text and design parameter z is calculated from:

Z(Text; z) = B(Text; z)− Cext(Text)−OM1(Text; z)−OM2(Text)− D(Text; z) (9)

with the following expected present values of:

• B(Text; z): benefit (income from power production).
• Cext(Text): life extension cost.
• OM1(Text; z): variable O&M costs.
• OM2(Text): fixed O&M costs.
• D(Text; z): cost of structural failure.

Expressions of the expected present values of the benefits and costs are given below.
They are calculated based on a shifted time scale t′ starting at the time of life extension.



Energies 2021, 14, 821 6 of 16

Continuous discounting is performed using the discount rate γ. The expected present
value of the benefit is calculated considering the risk of failure in the extended life as:

B(Text; z) =
Text∫
0

t′∫
0

exp(−γτ′) cB(τ
′) dτ′ fT′(t′; z) dt′+

Text∫
0

exp(−γt′) cB(t′) dt′ (1− FT′(Text; z))
(10)

where cB(t′) are the annual benefits, and τ′ is an integration substitute for t′. Similarly, the
expected present value of the variable O&M costs is calculated as:

OM1(Text; z) =
Text∫
0

t′∫
0

exp(−γτ′) cOM1(τ
′) dτ′ fT′(t′; z) dt′+

Text∫
0

exp(−γt′) cOM1(t′) dt′ (1− FT′(Text; z))
(11)

where cOM1 are the annual variable O&M costs. The expected present value of the fixed
O&M costs are simply calculated as:

OM2(Text) =

Text∫
0

exp
(
−γt′

)
cOM2

(
t′
)

dt′ (12)

where cOM2 are the annual fixed O&M costs. The expected present value of the costs of
structural failure is calculated as:

D(Text; z) =

Text∫
0

exp
(
−γt′

)
H
(
t′
)

fT′
(
t′; z
)

dt′ (13)

where H(t′) is the consequence of failure. The integrals are evaluated numerically with
one-year intervals using the time to failure distribution evaluated using the probabilistic
model, Equations (5) and (6).

3. Case Study

This paper aims to compare the deterministic, probabilistic, and risk-informed method
for life extension assessment. We will consider a representative wind farm and assume that
the wind turbine towers are designed according to the site conditions using the determin-
istic approach. We assume that the tower is the critical structural component in terms of
fatigue loads. At the end of the original design lifetime of 25 years, the owner wishes to
extend the life of the wind farm. The need for refurbishments of mechanical components
and blades is assessed using an inspection. The structural integrity of the tower with
respect to fatigue is to be verified using updated environmental and operational conditions
based on measurements. The baseline assessment is made using the deterministic method,
and the economic feasibility is estimated without considering the risk of structural failure,
by calculation of the expected present value of the profit Z0(Text):

Z0(Text) =
∫ Text

0
exp

(
−γt′

) (
cB
(
t′
)
− cOM1

(
t′
)
− cOM2

(
t′
))

dt′ − Cext(Text), (14)

As an alternative to the deterministic assessment, the probabilistic or risk-informed
approach can be applied. In the probabilistic approach, it is required that the annual
reliability index in the last year of the extended life is below the target value of 3.3 (or 3.1,
if a reduced target is allowed, as suggested in [36]). In the risk-informed approach, it is
required that the expected present value of the profit (Z) is positive, when the interest rate
is used as discount rate, and the risk of structural failure is included.
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3.1. Case Wind Farm

The case study considers a wind farm with 44 2.3 MW turbines. The wind turbine
tower is designed for a reference turbulence intensity of 14% and a 10-min mean wind
speed at a hub height of 8 m/s. The economic data below are adapted from Carriveau and
Miller [22].

The annual energy production (AEP) is 7280 MWh per turbine. The power purchase
agreement (PPA) price is $50/MWh and the annual O&M costs (COM) are $25/MWh. The
proportion of the O&M costs that are variable (OMvar) are 0.7 of the total O&M cost. This
yields an annual profit (Pa) per turbine equal to:

Pa = PPA · AEP− COM · AEP = $182, 000 (15)

If the PPA price was only $30/MWh, the annual profit would be $36, 400 per turbine.
However, in order to extend the life it is necessary to do a visual inspection, a loads

analysis, and an operations analysis with the following costs per turbine (adapted from [37]):

• Visual inspection: CVI = $3740.
• Loads analysis: CLA = $7000.
• Operations analysis: COA = $3000.

Also, depending on the outcomes of the inspections, it may be necessary to do repairs
and retrofits of various components. Four representative levels of retrofits are considered,
with the following costs:

• No repairs: CRR,no = 0.
• Low level: CRR,low = $10,000,000 (50% of gearboxes).
• Medium level: CRR,med = $17,500,000 (50% of the blades).
• High level: CRR,high = $25,000,000 (40% each of blades, gearboxes, and generators).

The average costs per turbine for the four levels are then: $0, $227,000, $398,000, and
$568,000, respectively. The life extension costs are then calculated as the sum of the costs to
visual inspection, loads analysis, operations analysis, and repairs and retrofits. These costs
occur at the start of the life extension period. All other costs are distributed in the extended
life and are discounted to net present values using an interest rate of γ = 0.04.

In case of a structural failure, the costs/consequences are assumed to be ten times the
annual O&M costs ($1, 820, 000 per turbine).

3.2. Procedure

The procedure for deterministic, probabilistic, and risk-based assessment in the case
study is described in the following.

3.2.1. Deterministic Assessment

The fatigue life resulting from the deterministic assessment can be different from
the design fatigue life due to differences in the environmental or operational conditions
compared to the design assumptions, e.g., differences in the turbulence intensity, the number
of load cycles, or the mean wind speed. The conditions on the site could be more benign,
similar to, or harsher than assumed in the design, leading to longer, the same, or shorter
fatigue life. For the analysis, various outcomes of the fatigue life from the deterministic
analysis are assumed, and the economic feasibility is assessed using Equation (14) for
life extension periods corresponding to each assumed outcome, for the four different
retrofit levels.

3.2.2. Probabilistic Assessment

To compare the probabilistic assessment with the deterministic assessment, the models
in Sections 2.1 and 2.2 are applied. First, the required design parameter z is found using
the deterministic method with the initial design assumptions such that the design life is
equal to 25 years (Equation (3) is set equal to zero and is then solved for t). Then, updated
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deterministic fatigue lives are modeled by changing, one at a time, the design parameter z,
the turbulence intensity, the annual number of load cycles, and the mean wind speed.

For each combination, the probabilistic fatigue life is also estimated. The annual
reliability index is found as a function of time using the procedure in Section 2.2. For the
assessment of the cumulative distribution of the time to failure based on the limit state
equation, an efficient implementation of crude Monte Carlo (MC) simulations was devel-
oped. Where traditional MC algorithms use loops, this implementation uses elementwise
operations, which was found to reduce the computational time by a factor of 500. This ap-
proach can be applied when the limit state equation is a simple function, which is the case
for equation (4), as DBL1,tot(z) and DBL2,tot(z) are evaluated before the reliability analysis.
The maximum number of simulations is limited by the memory of the computer, but a
larger number of simulations can be made by doing the simulations in blocks of, e.g., 107.
For the results in this paper, 107 crude Monte Carlo simulations were found sufficient to
obtain sufficiently accurate results, although it resulted in minor year-to-year fluctuations.

To filter out these year-to-year fluctuations from the overall trend, a cubic smoothing
spline algorithm was applied. The probabilistic fatigue life was derived as the point in
time where the annual reliability index dropped below the target, which was found using
interpolation in the filtered results. The probabilistic fatigue life was found for a target
equal to 3.3 (the target for new wind turbines) and 3.1 (the target proposed by [36] for life
extension of wind turbines).

For the deterministic fatigue lives assumed in Section 3.2.1, the corresponding proba-
bilistic fatigue lives are found, and the economic feasibility is assessed using Equation (14)
for an extended life corresponding to the additional fatigue life beyond 25 years.

3.2.3. Risk-Informed Assessment

In the risk-informed assessment, the procedure in Sections 2.2 and 2.3 is applied
to assess the feasibility, when the risk of structural failure is included directly in the
assessment.

4. Results

This section presents the results of the analyses based on deterministic, probabilistic,
and risk-based assessment methods. The expected present value of the profits is compared
for the three analysis methods.

4.1. Deterministic Assessment

The starting point for the analyses is outcomes of fatigue lives from the deterministic
method. Figure 3 shows the expected present value of the profit, Z0, calculated using
Equation (14) for life extension periods 1, 2, 5, 10, 15, and 20 years for the four levels of
retrofits. In Figure 3a, the economic input presented in Section 3.1 is used, and in Figure 3b,
the power price is reduced from $50/MWh to $30/MWh. For the case of no repairs, all
life extension periods lead to a positive expected present value of the profit, but for the
low power price, the margin is narrow. Increasing the costs of retrofits translates the graph
downwards, and higher life extension periods are required to get a positive expected
present value of the profit. For the high power price, all life extension periods above 5 years
will lead to positive profit, but for the low power price, a 5 year life extension period is only
feasible if no retrofits are necessary. For a 10-year life extension period, the low retrofit level
is also feasible, whereas higher life extension periods are required for the medium retrofit
level, and 20 years of life extension is not even sufficient for the high level of repairs.
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Figure 3. Expected present value of the profit Z0 as a function of life extension period (when the risk of failure is not
included) for various levels of retrofits for: (a) power purchase agreement (PPA) = 50; (b) PPA = 30.

4.2. Probabilistic Assessment

The outcome of the probabilistic assessment can be related to the outcomes of the de-
terministic assessment using the models in Sections 2.1 and 2.2 with the same assumptions
on input. The probabilistic fatigue life is here understood as the point in time where the
annual reliability index drops below the target value for structural components in new
wind turbines, β = 3.3. In Figure 4, the probabilistic fatigue life is shown as a function of
deterministic fatigue life for variations of design parameter z, reference turbulence intensity
Ire f , the annual number of load cycles ν, and 10-min mean wind speed at hub height Vavg.
The design assumptions correspond to a deterministic fatigue life period of 25 years, as the
design parameter was determined to fulfill this. Here, the probabilistic model also gives a
fatigue life of 25 years. However, for smaller or larger deterministic fatigue lives than 25
years, the probabilistic model results in a different result; for deterministic fatigue lives
larger than 25 years, the probabilistic analysis gives larger fatigue lives than the determin-
istic model, and for deterministic fatigue lives below 25 years, the opposite is the case.
Changes in design parameter, turbulence intensity, or the annual number of load cycles
have a similar effect. A change that increases the deterministic fatigue life by 5 years to 30
years (e.g., lower turbulence intensity or fewer load cycles than expected in design) results
in almost 10 years of additional lifetime beyond the 25 years for the probabilistic model.
Changes in the mean wind speed result in even larger deviations of the fatigue life found
by the deterministic and probabilistic model.

In Figure 5a, the relationship between deterministic and probabilistic fatigue life is
shown for reliability index β = 3.3 and β = 3.1 for variations of design parameter z (which
gives the same result as variations in turbulence intensity and the number of load cycles).
It is seen that acceptance of a reliability index of β = 3.1 will generally result in more
than 15 additional years of operation than β = 3.3 for deterministic fatigue lives larger
than 25 years. The same can be seen in Figure 5b, where the reliability index in the last
years of the extended life is shown as a function of deterministic-assessed fatigue life for
life extension periods 1, 2, 5, 10, 15, and 20 years. This figure more clearly shows the
relationship between assessed deterministic fatigue life and reliability index.
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Figure 4. Fatigue life from probabilistic assessment for β = 3.3 as a function of the fatigue life
from the deterministic assessment for variations of input parameters: z: design parameter, Ire f :
reference turbulence intensity, ν: annual number of load cycles, and Vavg: 10-min mean wind speed
at hub height.

Figure 5. Effect of deterministic fatigue life on: (a) fatigue life from probabilistic assessment for β = 3.3 and β = 3.1 found
by variation of the design parameter z; (b) reliability index β in last year of the extended life for life extension periods:
1, 2, 5, 10, 15, and 20 years. The scatter for high reliability indices reflects the uncertainty related to the use of Monte
Carlo simulations.

We will now see how the expected present value of the profit Z0 increases due to
longer life extension periods made possible by the use of a probabilistic model. Table 1
shows the remaining fatigue life estimated by the probabilistic model with β = 3.3 and
β = 3.1 as the target for deterministic fatigue lives 1, 2, 5, 10, 15, and 20 years, and shows
the expected present value of the profit for life extension periods corresponding to the
remaining fatigue life for the four retrofit levels. In case the remaining fatigue life is more
than 20 years, a life extension period of 20 years is used. When the deterministic assessment
method predicts low fatigue lives (1, 2, or 5 years), the use of probabilistic models will
lead to longer life extension periods with higher profit, and higher levels of retrofits do not
make life extension infeasible.
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Table 1. Expected present value of the profit for four levels of retrofits: no repairs, low level, medium
level, and high level for life extension periods equal to the assessed remaining fatigue life using the
deterministic analysis method, and for the probabilistic analysis method for target reliability levels
β = 3.3 and β = 3.1.

Analysis
Method

Remaining Fatigue
Life/Life Extension Period

(Years)

Expected Present Value of Profit
(M$)

No
Repairs

Low
Level

Medium
Level

High
Level

Deterministic 1 0.165 −0.063 −0.233 −0.404
Prob. β = 3.3 1.8 0.300 0.072 −0.098 −0.268
Prob. β = 3.1 >20.0 2.492 2.264 2.094 1.923

Deterministic 2 0.336 0.109 −0.062 −0.232
Prob. β = 3.3 3.5 0.574 0.347 0.177 0.006
Prob. β = 3.1 >20.0 2.492 2.264 2.094 1.923

Deterministic 5 0.811 0.584 0.413 0.243
Prob. β = 3.3 9.2 1.381 1.154 0.984 0.813
Prob. β = 3.1 >20.0 2.492 2.264 2.094 1.923

Deterministic 10 1.486 1.259 1.088 0.918
Prob. β = 3.3 19.3 2.431 2.204 2.034 1.863
Prob. β = 3.1 >20.0 2.492 2.264 2.094 1.923

Deterministic 15 2.039 1.812 1.641 1.471
Prob. β = 3.3 >20.0 2.492 2.264 2.094 1.923
Prob. β = 3.1 >20.0 2.492 2.264 2.094 1.923

Deterministic 20 2.492 2.264 2.094 1.923
Prob. β = 3.3 >20.0 2.492 2.264 2.094 1.923
Prob. β = 3.1 >20.0 2.492 2.264 2.094 1.923

4.3. Risk-Based Assessment

In the risk-based assessment, the probabilistic model is used, but no target for the
reliability is applied. Instead, the expected present value of the profit Z is calculated by
including directly the risk of structural failure. Figure 6a shows the expected present value
of the profit Z as a function of the reliability index in the last year of the extended life for life
extension periods 1, 2, 5, 10, 15, and 20 years for the base case economic input. Figure 6b
shows the same for a power price reduced from $50/MWh to $30/MWh. The expected
present value of the profit is shown for the case with no repairs. Curves for other retrofit
levels can be obtained by vertical translation of the curves (as seen in Figure 3). To give
a more compact representation, the costs for each of the four retrofit levels are indicated
with dashed lines in Figure 6, the highest line corresponding to the high retrofit level. If the
expected present value of the profit is less than the retrofit costs, that combination of life
extension period, retrofit level, and reliability index is infeasible. For high reliability levels,
the curves converge towards the values of Z0 in Figure 3; the expected present value of the
costs when the risk of failure is not considered.

Figure 6 shows that the decrease in Z for a reliability index in the last year of the
extended life being reduced from β = 3.3 to β = 3.1 is very minor, also for long life
extension periods. For the high power price, the reliability index can be as low as 2.0 before
an else feasible retrofit level becomes infeasible. The profit is reduced fastest for long life
extension periods, but, as the initial margin is large, it generally leads to a higher expected
value of the profit than the lower life extension periods, unless the reliability is very low.
For the low power price, the profit margins are narrow, and for reliability indices less than
3.0, the risk of structural failure can be the tipping factor, making life extension for a given
period and retrofit level infeasible.
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Figure 6. Expected present value of the profit Z as a function of the reliability index β in the last year of the extended life,
for life extension periods: 1, 2, 5, 10, 15, and 20 years for: (a) PPA = 50; (b) PPA = 30. The dashed lines correspond to the
costs of retrofits for (from the bottom): no repairs, low level, medium level, and high level.

In Figure 7, each of the five economic input values is varied one at a time, while the
other remains at their initial value. The varied economic input values are: (a) life extension
costs Cext, (b) failure costs H, (c) annual operation and maintenance costs COM, (d) power
price PPA, and (e) operation and maintenance costs variable proportion OMvar. The figures
show the expected present value of the profit when the risk of failure is not considered Z0
(solid lines), and when it is considered Z (dashed lines), for a turbine with a deterministic
design fatigue life of 25 years.

The life extension costs (a), annual operation and maintenance costs (c), and power
price (d) affect both Z0 and Z. The difference between Z0 and Z is generally small, but it
is highest for long life extension periods. The failure costs H (b), and the operation and
maintenance costs variable proportion OMvar (e) only affect Z (not Z0).

Figure 7. Cont.
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Figure 7. Expected present value of profit Z as a function of: (a) life extension costs Cext; (b) failure costs H; (c) annual
operation and maintenance costs COM; (d) power price PPA; (e) operation and maintenance costs variable proportion
OMvar. The stars indicate the base case values. For (a), the stars indicate Cext for the four retrofit levels. The solid lines show
Z0 and the dashed lines show Z.

5. Discussion

A comparison of the outcome of the deterministic and probabilistic assessment meth-
ods showed that they were consistent when the fatigue life was 25 years. This was expected,
as the partial safety factor used in the deterministic model was calibrated in [29] using the
same deterministic and probabilistic models as used in this study under similar assump-
tions. However, the comparison in this paper shows that the deterministic model leads
to nonconservative results for fatigue lives smaller than 25 years, and conservative for
larger lives. For cases where the design assumptions differ from the assumptions originally
used for calibration of partial safety factors, there could be variation also at 25 years of
lifetime; and the models could coincide at another fatigue life. Preliminary investigations
(not shown) suggest that the probabilistic and determination methods coincide at higher
fatigue lives for larger mean wind speeds and lower fatigue lives for lower mean wind
speed, whereas the point of coincidence is not changed for changes to the other examined
environmental conditions. However, the use of other surrogate models than the model
applied for calibration of partial safety factors might also influence the results.

The analyses assumed the same level of uncertainties for the original assessment
and for the updated life extension assessment. For real projects, the updated assessment
would often be based on operational data and possibly load monitoring. Here, it is
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important to remember that the 90% quantile of the turbulence intensity is to be used in
deterministic assessment, in order to be consistent with the model used for calibration
of partial safety factors. If load simulations are made for the measured wind speeds and
turbulence intensities based on SCADA or met-mast data, or measured strains are used,
this corresponds to using the full distribution of the turbulence standard deviation, as done
in the probabilistic assessment. However, using this in a deterministic assessment could
lead to lower reliability levels.

In reality, factors other than the fatigue life of structural components affect whether
a wind turbine is fit for life extension. The required amount of retrofits will typically be
larger for longer life extension periods, and even if the fatigue life was sufficient for, for
example, 15 years of life extension, it could be better to extend the life for only 10 years, if
large additional retrofits were required for the last 5 years of life extension.

6. Conclusions

This paper investigates how probabilistic and risk-based methods can be applied for
life extension assessment; and examines how the use of these alternatives to deterministic
assessment can enhance the economic feasibility of life extension by allowing for longer
life extension periods.

For the considered case, it was found that the use of the probabilistic assessment
method will generally lead to longer predicted fatigue lives than the deterministic analysis
when the deterministic analysis results in additional fatigue life beyond the 25 years. If the
target reliability is reduced from 3.3 to 3.1, it would lead to at least 15 additional years of
fatigue life, if the deterministic assessment results in a lifetime of 25 years or more. The
longer fatigue life gave a larger potential for profit generation.

The risk-informed model was applied to include the risk of structural failure in the
feasibility assessment for a case wind farm. The risk of structural failure did not challenge
the economic feasibility for life extension, unless the expected present value of the profit
was already low; high life extension costs, high O&M costs, and low power price can
challenge the business case, and including the risk of structural failure can at most be the
tipping factor.

This analysis confirms that a reduced target reliability index of 3.1 generally does
not affect the economic feasibility, and such a target could be included in standards on
life extension to make life extension possible for more wind turbines for longer life exten-
sion periods.
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