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ABSTRACT

This paper investigates the potential for a lookup table approach to operational fatigue load/damage
estimation for wind turbines, based on 3D wind field measurements. Simulation is used to explore
consistency of wind turbine fatigue loading for turbines in different wind fields which have the same
mean wind speed, turbulence intensity and shear exponent. Aeroelastic simulations are performed for two
turbines. Various combinations of the above three wind field characteristics are chosen; for each of these
combinations and for each turbine, six different 3D wind fields are generated which have the given value
of mean wind speed, turbulence intensity and shear exponent. The turbines are simulated in the generated
3D wind fields and equivalent damage loads are calculated for the blade and tower root bending moment
time histories. Means and standard deviations of the equivalent loads from each set of six wind files with
their characteristics in common are presented. The results indicate there is good potential for a lookup
table approach to fatigue damage prediction.

1. INTRODUCTION

Offshore wind turbine assets are exposed to very
extreme conditions and lifetime extension is high
on the agenda for all utility owners. Extending
wind turbine operational lifetimes could have a huge
impact on the economics of wind power [1], espe-
cially for offshore turbines which have considerably
higher capital and maintenance costs. To this end,
the accurate prediction of fatigue loading/damage
accumulated by each turbine in a wind farm would
allow for predictive scheduling of maintenance and
repairs, as well as the prediction of the remaining
lifetimes for the turbines and their components; such
prediction could contribute significantly to lifetime
extension efforts.

Instrumentation on a turbine can provide sub-
stantial volumes of data concerning fatigue loading,
however, this requires the retrofitting of devices on
some or all currently operational turbines on a wind
farm, the addition of measurement equipment to
newly manufactured turbines and the maintenance
of all these devices. In short this would be a huge
investment whose cost may offset any gains. A
much more attractive option would be a method
which avoids additional measurement equipment in
turbines and which can make predictions of fatigue
loading across multiple turbines or potentially a
whole wind farm. It is an idea for such a method
which has motivated the present study.

The operational fatigue loading of a wind turbine

will be heavily dependent on the 3D wind structure
with which it is interacting. LiDAR technology
allows the mapping of this 3D wind structure1. If a
wind turbines fatigue response can be shown to be
consistent in given wind conditions then it may be
possible to construct a lookup table for a wind farm
based on aeroelastic simulations. This would allow
for one or more LiDAR devices to scan the wind
farm, determine the 3D wind structure for each tur-
bine and then cumulatively add appropriate fatigue
loads/damage (corresponding to the measured wind
structure) to each turbine from the lookup table.
It is important to note that although the fatigue
loading of a turbine will depend on the 3D wind
structure, it will also depend hugely on the turbines
structural dynamics and control system. This means
that full aeroelastic simulations which include the
real turbines controller would be required for the
lookup table to be in any way useful.

The implementation of such a method as sug-
gested above across a wind farm would also require
consideration of the temporal and spatial resolutions
of the LiDAR device being used. However, there are
two altogether more fundamental questions which
must first be considered:

• How should/can we characterise the 3D wind
structure?

1Other technology such as SoDAR and RADAR can similarly
determine wind field data, however here we focus on LiDAR as it
can scan in varied and changing geometries.



• Do different wind fields with these chosen char-
acteristics in common result in similar fatigue
damage?

Clearly these questions are linked, as we will only
want to characterise the wind in ways which result
in similar fatigue for turbines exposed to winds with
the same characteristics. The can above is because
from a practicality point of view we must choose
quantities which can be measured by a LiDAR
device.

The questions posed above are very far reaching
and highly nontrivial. This present study looks to
shed light on these problems by investigating fatigue
loading for a single turbine in wind conditions
characterised using the standard industry quantities
of mean wind speed, turbulence intensity and power
law shear profile. These are all quantities that can
be measured by a LiDAR device2 and with which
the industry is familiar. Hence, in this paper we are
considering the more specific question:

Do different 3D wind fields which have the same
mean wind speed, turbulence intensity and shear
exponent result in similar turbine fatigue loads?

Using aeroelastic simulations we seek to quantify
how similar the resulting turbine fatigue loading
might be when inputting different wind files which
have the above three characteristics in common.
This paper will focus on blade and tower fatigue
loading.

In Section 2 relevant wind field and fatigue anal-
ysis theory is introduced and discussed; the simula-
tion setup and analysis procedure is then described.
Results are presented and discussed in Section 3.
Other proposed approaches to operational fatigue
assessment are discussed in Section 4 along with
some practicalities concerning the implementation
of our proposed lookup table methodology.

2. METHODOLOGY
2.1. CHARACTERISING WIND CONDITIONS
In order to try and understand the dynamic be-
haviour of a wind turbine, we need a good un-
derstanding of the wind itself. This is in fact a
hugely complicated task. A full description of the

2As previously mentioned, considerations of resolution and timing
for a LiDAR device measuring these quantities during operation
would be necessary. The specifics of the LiDAR measurements are
not considered here.

turbulent wind field would require directly solving
the Navier-Stokes equations for atmospheric flow
over an aerodynamically rough surface, a task which
would take a long time, requires super computers
and which would only yield a single wind field; in
practice empirical information is generally used [2].

The wind velocity at a point in space has three
components; longitudinal (u), lateral (v) and vertical
(w). For load calculations on a wind turbine, all
three need to be considered [2]. Assuming that these
velocity components are statistically steady (at least
over the 10 minute periods we will consider) it
makes sense to take time averages. We can therefore
think of each velocity component at a point in space
as consisting of turbulent fluctuations around a mean
value. The velocity components v and w are often
assumed to have zero mean, as in [2], while the
longitudinal (downwind) component u has a non-
zero mean ū; it is this mean value of u we are
referring to when discussing mean wind speeds in
simulations. For the 3D wind fields we use in the
simulations, the specified mean wind speeds are
always those at hub height. Considering u, we can
quantify the magnitude of it’s turbulent fluctuations
using the notion of turbulence intensity Iu:

Iu =
σ

ū
(1)

Where σ is the standard deviation of u. (When
simulating a wind field with a given longitudinal
turbulence intensity, the turbulence intensities for
the other velocity components are determined from
Iu, since the above equation is clearly invalid for
mean wind speeds of zero [3]). Due to surface
roughness, winds speeds tend to be lower close to
the earths surface and they increase with height up
to the free atmosphere. This is called wind shear or
shear profile. A common formula, based on fits to
empirical data, used to describe wind shear is the
power law:

u(z) = u(zh)

(
z
zh

)α

(2)

z is height above the ground, zh is a reference height
(taken to be hub height in this study) at which the
wind speed u(zh) is known. The number α is called
the shear exponent. This study uses shear exponent
values of 0.2 and 0.6; 0.2 is the value given in the
IEC design requirements [5] and 0.6 was chosen
based on work done by Sgurr Control [9] which



shows this value to be around the magnitude of
shear exponents seen in more extreme offshore wind
conditions.

2.2. GENERATING 3D TURBULENT WIND
FIELDS

Since air is a viscous medium and wind fields are
highly complex 3-dimensional flows, wind velocity
components at two different points in space or time
(or both) will not be independent of one another.
The second order statistics of the velocity depen-
dences across space are captured by the covariance
or correlation tensor [4]:

Ri j(r) = ui(x, t)u j(x+ r, t) (3)

Where the bar denotes a time average, u1 = u− ū,
u2 = v, u3 = w. Provided the turbulence is homo-
geneous, the covariance tensor is a function of the
vector separation, r, only [4]. The three-dimensional
Fourier transform of Ri j is the spectral tensor φi j:

φi j(k) =
1

(2π)3

∞∫∫∫
−∞

Ri j(r)e−ik·r dr (4)

The spectral tensor is a function of wavenumber
vector, k, and whose value is related to the energy
in the wind for that wavenumber vector [4]. Spectral
models, which we can relate to the spectral tensor,
have been determined using measured atmospheric
wind data. Some of these models are presented in
[2]. For a given choice of spectral model Mann,
[2], among others has developed algorithms which
essentially reverse engineer the above formulations;
starting from a given spectral model, a three di-
mensional wind field can be determined which has
the same second order statistics as the measured
wind data used to define the spectral model. More
specifically, the resultant velocity components in the
generated 3D wind field are [2]:

ui(x) = ∑
k

ξ j(k)Ci j(k)eik·x (5)

We are summing over a subset of wavenumber
vectors, the members of which depends on the
dimensions of the wind field being generated. The
ξ j(k) are independent Gaussian stochastic complex
variables with unit variance; the Ci j(k) are coeffi-
cients which must be determined for each choice of

spectral model. It is these coefficients which ensure
the generated wind file has the correct second order
statistics. Choosing different random number seeds
for the ξ j(k), it should be clear that any number of
different wind fields can be generated which all fit
a given spectral model.

For this present study the Kaimal spectrum has
been used as the spectral model of the generated
wind fields; the Kaimal spectrum is based on mea-
surements over flat homogeneous terrain in Kansas
[2], the Kaimal spectrum parameters given in the
IEC wind turbine design requirements [5] were
used. Since the algorithm relies on the assumption
of homogeneous turbulence, a wind field is gen-
erated under this assumption and then afterwards
we apply a turbulence intensity and shear profile.
The turbulent wind algorithm for Kaimal spectra in
Bladed software is not identical to that presented in
[2] but the theory as presented here is essentially
the same in both cases; the theory of [2] was used
here as it is gives a good conceptual overview.

2.3. ANALYSING FATIGUE LOADS
In this paper the blade and tower root bending
moments are considered, both denoted My. For the
blades, My is measured from the principal axis in
the blade root; this axis is centered along the neutral
axis and is fixed to the blade, thus moving with it
when pitching. Tower My is tower bending moment
in the fore-aft direction measured at the base of the
tower.

A realistic load time history will consist of
consecutive load cycles of varying ranges as in
Figure 1. In the following analysis we will always
be dealing with the range (i.e. height) of cyclic
loads as opposed to their amplitudes. From standard
fatigue analysis theory, the component damage Dk
associated with a cycle of range Mk is given by
Dk =

1
Nk

, where Nk is the number of cycles to failure
of the component from a load range of size Mk [6],
[8]. Then the accumulated damage from numbers of
load cycles3, nk, of different ranges Mk is D=∑k

nk
Nk

.
In order to compare load time histories it is useful
to reduce the different load ranges down to a single
number, an equivalent load range Meq. Choosing a
fixed frequency, f , we define the equivalent load
range of a load time history to be the load range with
frequency f which results in the same component

3Note that there can be half cycles.
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Fig. 1: Illustrative example of equivalent damage loading at
1 Hz frequency, with and without mean load corrections. The
magnitude of the fixed frequency load range Meq is such that it
would cause the same fatigue damage as the original loading.
Note that Meq is a load range rather than amplitude.

damage as the original loading. Keeping f fixed
allows us to directly compare the damage from
two different load time histories by comparing their
equivalent load ranges. For a component with S-N
curve inverse slope m, the equivalent damage load
range at frequency f is [6], [8]:

Meq =

(
∑k nk(Mk)

m

f Ttotal

) 1
m

(6)

We are summing over all load ranges present in the
chosen time history and as above nk is the number
of cycles of load range Mk, Ttotal is the total time of
the load time history. An example of an equivalent
damage load range is given in Figure 1. The load
ranges are found using a rainflow cycle counting
algorithm.

So far our loading formulations have only con-
sidered load ranges and no account has been taken
of mean load levels. Mean load corrections to the
above analysis have been proposed and here we use
the Goodman correction as presented in [8]. For a
load range Ma which occurs in the load time history
at mean level Mm the corrected load range is:

Mcorr =
Ma

1− Mm
Mu

(7)

Mu is 1.5 times the maximum bending moment
seen throughout the whole time series and across
all wind speeds [8]. Clearly, when considering these
corrected values we can no longer lump all cycles of
the same load range together, therefore we will now
only have nk = 1 or 1

2 and some of the Mk may be
equal for different k. Bearing this in mind, Equation
7 can be used to correct the load ranges of the time
history, then the equivalent load range is determined
by applying Equation 6 to these corrected values.

2.4. SIMULATION AND ANALYSIS

Simulations were performed of two wind turbines
using GH Bladed software. The first is the GH
Bladed generic 2 MW turbine, the second is the
Supergen exemplar 5 MW turbine (detailed data
tables for the Supergen can be found in [10]). Table
1 gives an overview of these two turbines. In order
to try and make the results of this study as legit-
imate as possible, IEC design requirements have
been followed as closely as possible throughout the
simulation and analysis procedures [5], [6].

For each turbine the loads are analysed for hub
height mean wind speeds of 10, 12, 16 and 20 m/s.
As can be seen in Figure 2 these correspond to a be-
low rated, a switch over4, an above rated and a near
cut-out wind speed respectively. Using the Kaimal
spectrum in Bladed, different random number seeds
are used to generate six5 different wind fields for
each mean wind speed; since the turbines are very
different sizes this and what follows was all done
separately for each turbine. Each generated wind
file then has a shear exponent of 0.2 or 0.6 and a
turbulence intensity (corresponding to low, medium
or high turbulence levels as defined by the IEC [5])
applied before simulating the relevant turbine. For
each wind file this is repeated with all combinations
of these shear exponents and turbulence intensities.
288 simulations were performed in total. The gen-
erated wind files are all just under 700s in length.
The first output data is discarded and only the final
600s are kept for analysis, this is to ensure any
initial transient behaviour has settled down [5]. For
each turbine we therefore have six 10 minute root
bending moment time histories (for both blade and

4This is a point very close to where we switch between below and
above rated control strategies.

5This is the minimum number of loading time histories required
by the IEC for loading analysis [5].



TABLE 1:
DATA FOR SIMULATED TURBINES

Turbine Bladed Generic Supergen Exemplar

Rated power 2 MW 5 MW

Rotor diameter 80 m 126 m

Blade number 3 3

Hub height 61.5 m 90 m

Aerodynamic control Pitch Pitch

Fixed/Variable speed Variable Variable

Generator type Fully rated conv. Fully rated conv.

Gain Scheduled No Yes

Controller PI PI with low pass filter
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Fig. 2: Steady power curves for the two turbines being
simulated in this study.

tower) for each combination of mean wind speed,
shear exponent and turbulence intensity.

The bending moment time histories are rainflow
counted, mean level corrections are applied and
then the equivalent loads calculated as described
in Section 2.3; the frequency, f , of the equivalent
damage load ranges is taken to be 1 Hz. This loading
analysis procedure is consistent with IEC guidelines
[6]. A different correction factor Mu was determined
for each set of outputs with a given combination
of shear exponent and turbulence intensity. The
S-N curve inverse slope, m, is taken to be 10
for blades and 3 for the tower as recommended
when considering fibre reinforced plastics and steel
respectively [6], [7]. In each case the blade root
bending moment time histories are from a single
blade; this is because in each simulation the root
bending moments on the other blades are almost
identical apart from a phase shift.

3. RESULTS
For each turbine the simulation and analysis de-
scribed in the previous section results in six equiv-
alent damage load ranges (for both blade and tower
loads) for all combinations of mean wind speed,
turbulence intensity and shear profile. Means and
standard deviations of each set of six are presented
in Figures 3-6. The results for each mean wind
speed have been staggered slightly in the plots to
avoid overlapping. While discussing these results it
is important to bear in mind the question posed in
Section 1:

Do different 3D wind fields which have the same
mean wind speed, turbulence intensity and shear
exponent result in similar turbine fatigue loads?

In the context of our equivalent damage load ranges,
similarity in blade and tower fatigue loads, for a
given mean wind speed, turbulence intensity and
shear profile, would be indicated by small standard
deviations about the mean. The relative magnitudes
of the equivalent load range mean values for dif-
ferent sets of wind characteristics also indicate the
relative importance of the different characteristics
to fatigue loading of blades or tower. It is also
important to recall that the equivalent damage load
ranges are determined for a chosen, fixed frequency
of 1 Hz and allow us to compare damage from
different time histories, however, they are not nec-
essarily representing the actual load levels seen by
the turbine (see Figure 1).

3.1. BLADE RESULTS

Blade results are presented in Figures 3 and 4
for the 2 MW and 5 MW turbines respectively.
The equivalent load magnitudes are much higher
for the 5 MW turbine as would be expected. For
both turbines, increases in turbulence intensity can
be seen to increase the average magnitude of the
equivalent load range in all cases. In most cases
the standard deviations are almost unaffected by
changes in turbulence intensity. Increasing the shear
exponent can be seen to result in a step increase
in mean equivalent load range for both turbines.
For the 2 MW turbine, standard deviations remain
very similar when the shear exponent is increased,
however, for the 5 MW turbine the standard devi-
ations noticeably decrease with a higher exponent;
this could well be due to the much larger size of the
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Fig. 3: Blade results - 2 MW turbine. Mean equivalent
damage (1 Hz frequency) blade root bending moments (from
each set of six simulations in wind fields with the same
characteristics). Note that the results have been staggered
slightly at each of the four mean wind speeds to prevent
overlapping. The error bars give the standard deviations about
each mean value. Mean wind speeds are referenced to hub
height.
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Fig. 4: Blade results - 5 MW turbine. Mean equivalent
damage (1 Hz frequency) blade root bending moments (from
each set of six simulations in wind fields with the same
characteristics). Note that the results have been staggered
slightly at each of the four mean wind speeds to prevent
overlapping. The error bars give the standard deviations about
each mean value. Mean wind speeds are referenced to hub
height.

5 MW turbines rotor, since the blades will see very
large changes in wind speed with a large exponent
and hence this will dominate the fatigue loading, re-
ducing the relative effect of turbulence. The changes
in equivalent load ranges with mean wind speed are
altogether more complicated. For the 2 MW turbine
and shear exponent 0.6 the mean equivalent load
ranges increase with mean wind speed at each level
of turbulence intensity; for shear exponent 0.2 the
mean equivalent load range in fact decreases going
from 16 m/s to 20 m/s mean wind speed at each
turbulence intensity (for low turbulence intensity
there is also a decrease going from 12 m/s to 16
m/s). For the 2 MW turbine the standard deviations
stay the same or increase slightly from 10 m/s
to 12 m/s mean wind speed, they then generally
decrease as the mean wind speed increases further.
For the 5 MW turbine with shear exponent 0.6 the
mean equivalent load ranges increase with mean
wind speed while the standard deviations remain
approximately constant. For shear exponent 0.2 the
mean equivalent load ranges increase from 10 m/s to
12 m/s mean wind speed; they then decrease slightly
at 16 m/s before increasing again at 20 m/s. For this
shear exponent the standard deviations remain very
similar from 10 m/s to 16 m/s mean wind speed,
they then noticeably increase at 20 m/s.

3.2. TOWER RESULTS

Tower results are presented in Figures 5 and 6 for
the 2 MW and 5 MW turbines respectively. These
results are qualitatively very different from those
of the turbine blades. The most striking difference
is that, whereas the blades were most greatly af-
fected by an increase in shear profile, we see that
when considering tower fatigue loading turbulence
intensity is actually the more important parameter.
For the 2 MW turbine the mean equivalent load
ranges tend to increase with mean wind speed for
each combination of shear exponent and turbulence
intensity; the standard deviations can also be seen to
increase with mean wind speed. As with blade loads
the equivalent load magnitudes are much higher for
the 5 MW turbine as would be expected. The mean
equivalent load ranges increase from 10 m/s to 12
m/s mean wind speed for the 5 MW turbine at each
combination of shear exponent and turbulence inten-
sity, they then decrease at 16 m/s before increasing
again at 20 m/s. Standard deviations for this turbine



are not monotonic as wind speed increases. Gener-
ally, for both turbines, increasing the shear exponent
can be seen to result in lower mean equivalent load
ranges for each combination of mean wind speed
and turbulence intensity. Initially this seems counter
intuitive, however, the following simple analysis
gives a possible explanation. Considering only wind
shear for now, if we integrate Equation 2 vertically
over the rotor we can express the mean wind speed
across the rotor as:

ūrotor =
u(zh)

2R

(
(zh +R)α+1 − (zh −R)α+1

(zh)α(α +1)

)
(8)

R is the turbine rotor radius. Inputting relevant
values for each turbine into this equation, the mean
wind speed across the rotor can be seen to decrease
as the shear exponent increases from 0.2 to 0.6; thus
all other things equal there will be less thrust on the
rotor at the higher shear exponent. This indicates
why we might see lower tower fatigue loading at
the higher shear exponent.

3.3. DISCUSSION

The results presented above effectively illustrate the
point that turbine fatigue loading is a complicated
area. The results are qualitatively similar (respec-
tively for blades and tower) for the different tur-
bines; however, there are some important disparities
between the two such as the drop in tower loading
for the 5 MW turbine at 16 m/s mean wind speed, or
the drop in blade loading for the 2 MW turbine at 20
m/s mean wind speed with shear exponent 0.2. As
discussed previously, these results depend heavily
on each turbines dynamic behaviour and controller
and the interaction between the two, thus it will
be very difficult to say exactly what is causing the
different aspects of the results seen here.

We now return to the question posed in Section
1 of this paper and reiterated at the beginning of
this present section. The standard deviations of our
equivalent damage load ranges indicate that the fa-
tigue analysis technique discussed in this paper may
well be worth pursuing; this follows from the fact
that the standard deviations of the equivalent loads
in the results presented here are tight enough as to
be able to distinguish different damage levels from
different wind conditions. Importantly, the results
show that the magnitude of the standard deviations
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Fig. 5: Tower results - 2 MW turbine. Mean equivalent
damage (1 Hz frequency) tower root bending moments (from
each set of six simulations in wind fields with the same
characteristics). Note that the results have been staggered
slightly at each of the four mean wind speeds to prevent
overlapping. The error bars give the standard deviations about
each mean value. Mean wind speeds are referenced to hub
height.
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Fig. 6: Tower results - 5 MW turbine. Mean equivalent
damage (1 Hz frequency) tower root bending moments (from
each set of six simulations in wind fields with the same
characteristics). Note that the results have been staggered
slightly at each of the four mean wind speeds to prevent
overlapping. The error bars give the standard deviations about
each mean value. Mean wind speeds are referenced to hub
height.



is dependent on the specific wind conditions, since
some sets of wind characteristics have equivalent
loads with larger standard deviations than others.
Disparities between the results from the two turbines
(both qualitatively and in magnitude) imply that
accurate prediction of a turbines fatigue loading in
given wind conditions would need to come from
simulation of an accurate model of the specific
turbine under consideration, including its control
system.

4. OTHER PROPOSED METHODS AND
SOME PRACTICALITIES

Most current proposals for operational fatigue anal-
ysis across wind farms involve instrumentation of
one or more turbines in a fleet, and then extrap-
olation of this data across the wind farm [11],
[12]; SCADA based fatigue analysis is also be-
ing researched [13]. These methods, like any, in-
volve certain assumptions and levels of uncertainty
and there are costs associated with the installation
and maintenance of fatigue measurement devices.
Where these methods involve accurate information
about loads on one turbine being used to infer loads
on another; our proposed method uses accurate wind
data in front of each turbine to infer the loads from
a lookup table based on repeated simulations. There
is a priori no reason to believe that one method is
superior from a cost of energy point of view. The
lookup table approach proposed here could prove
very cost effective if the required LiDAR device(s)
were also being employed for other purposes across
the wind farm. Currently there is much research
being done concerning the application of LiDAR
technology to wind energy. LiDAR is being con-
sidered as useful in applications as diverse as site
assessment, wind turbine predictive pitch control,
correction of turbine yaw misalignment and wake
analysis across a wind farm (e.g. [14], [15] and
[16]). It seems highly likely that LiDAR devices
will end up forming an integral part of wind farm
operations. It is therefore worth considering the fact
that, if this transpires to be the case, there will be
LiDAR data available for across a wind farm and the
cost of the LiDAR device(s) will have already been
justified by their primary function. Apart from the
measurement devices themselves, the lookup table
approach to fatigue assessment proposed in this
paper would have very little cost associated with it,

especially considering that the required simulations
can be automated and carried out during the years it
takes to go from the design stages to having an op-
erational wind farm. Furthermore, these simulations
will simply be an extension of the design analysis
that will have to be done anyway. With the use
of LiDAR devices for multiple applications across
a wind farm it is conjectured that a lookup table
approach to operational fatigue analysis, based on
aeroelastic simulations, would be very low cost and
so could be a powerful tool in decreasing the cost
of energy for wind farms.

Considering the implementation of a lookup table
approach to operational fatigue there are many dif-
ferent approaches one could take. From the equiv-
alent loads as presented in this paper it would be
possible to apply finite element analysis or some
other structural methodology in order to predict
remaining lifetime of wind turbine components,
however, it might also be worth considering just
using the equivalent damage values as calculated
and summing these cumulatively for each turbine;
this would avoid the addition of more assumptions
and possible error while giving the wind farm
operator a clear indication of which turbines are
suffering most fatigue damage. This would allow
for inspection, maintenance and repair to be based
on predicted damage to the turbines, while keep-
ing the methodology as simple and straightforward
as possible. Finally, it is worth considering that
the fatigue suffered by turbines in certain fault
conditions (emergency stops for example) has the
potential to be readily incorporated into this lookup
table methodology; current knowledge is not as
yet at the point where fault conditions can be
reliably simulated, however once this is possible
the equivalent damage values under fault conditions
could be simulated and given damage values as
part of the preprocessing procedure; in the event
of a given fault condition, the relevant equivalent
damage values could automatically be added to a
turbine’s cumulative total.

5. CONCLUSION

In this paper, consistency of fatigue loading (for
blades and tower) in wind fields with the same
mean wind speed, turbulence intensity and shear
profile was investigated through aeroelastic simula-
tion. The motivation for this study is the possibility



of a lookup table approach to operational fatigue
analysis of wind turbines, based on simulated data.
The results presented here imply there is good
potential for such a method; this paper has also
helped develop a methodological framework for
future research in this area.

Considering further work, the most important
next step is validation of the results presented here
by comparison with measured results from opera-
tional turbines. The analysis presented here should
also be carried out with different wind spectra for
comparison. As discussed in Section 1 the quantities
of mean wind speed, turbulence intensity and shear
exponent were chosen because they are familiar
to the industry. However, work should be done to
determine when it is appropriate to use each of them
and what to use when they do not apply.
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