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Abstract
In the present paper two stochastic models for
the distribution of defects in wind turbine
blades are proposed. The first model assumes
that the individual defects are completely
randomly distributed in the blade. The second
model assumes that the defects occur in
clusters of different size based on the
assumption that one error in the production
process tends to trigger several defects. For
both models additional information about
number, type and size of the defects is
included as stochastic variables.
The probability of failure for a wind turbine
blade will not only depend on variations in the
material properties and the load but also on
potential defects in the blades. As a numerical
example the probability of failure is calculated
for the main spar both with and without defects
in terms of delaminations. The delaminations
increase the probability of failure compared to
a perfect blade, but by applying Non
Destructive Inspection (NDI) techniques after
production the probability of failure can be
updated.

1 Introduction
Calculation of the load carrying capacity for
wind turbine blades has been widely studied
during the last decades leading to more refined
FE calculations and failure criteria. But there
still seems to be a variation in the load carrying
capacity which to some extent can be caused
by physical variations in the material
properties. However, local production defects
in the blades which are due to minor or gross
variations in the manufacturing process can
also influence the load carrying capacity.
During operation in-service damage from cyclic

and ultimate loading of the blade also influence
the capacity.
The influence of variations in the material
properties has been studied in [1] where also
different methods for determination of the
probability of failure for wind turbine blades are
considered.
For production defects the load carrying
capacity is mainly influenced by the following
parameters [2]:
•
•
•

Type of defect
Size of defect
Position of defect

The influence of these three parameters on the
load carrying capacity in some discrete cases
has been studied in the research project
SaNDI which focuses on sandwich structures
for ships, see [3], [4] and [5]. The type of defect
is important because not all failure modes are
influenced by a particular type of defect. The
size affects the amount of strength reduction
and the position determines the critical loading
and failure modes.
The production defects can also influence the
fatigue properties of the blade because defects
can lead to stress concentrations in the
material. The stress concentrations can lead to
additional crack initiation during service or
growth of the individual defects. In order to
secure that the local defects and in-service
damage do not lead to failure of the blade
during operation, a damage tolerant approach
is often adapted during blade design. [6] has
proposed a method for damage assessment of
damage tolerant structures.

In normal blade design the influence of
variations in the material properties is taken
into account by reducing the material
properties to a characteristic value (typical 5%
quantile) and applying a partial safety factor [7]
and [8]. In order to avoid defects from the
production process in the wind turbine blade
quality control by Non Destructive Inspection
(NDI) such as visual inspection or ultrasound
scanning is performed after production [6].
However, the NDI is not perfect and remaining
uncertainty due to production defects is
assumed to be captured by the partial safety
factor on the material properties.
NDI is in practical blade manufacturing in many
cases followed up by destructive inspection
and repair. Such destructive inspection is used
as a measure to better quantify type and size
of the defect before determining the extent of
the repair as well as a basis for calibration and
control of the NDI. In the following we will not
go into details with possible destructive follow
up on NDI.
In the present paper two stochastic models for
the distribution of defects in wind turbine
blades are proposed. The models introduce
the position of the defects as well as additional
information about the defect such as number,
type and size in a stochastic manner.
The ability of the NDI to identify defects in the
wind turbine blade is modelled by Probability of
Detection (PoD) curves and the distribution of
the defect size can be updated based on
Bayesian methods.
The influence of the production defects on the
ultimate load carrying capacity for the blade is
calculated for a few selected defects and
compared to the capacity of a blade not
containing any defects. The influence of the
most important material properties is also
investigated by sensitivity analysis. Based on
the calculated load carrying capacities the
reliability of the blade is calculated and the
influence of NDI is investigated.
The strength models and the
descriptions in the paper are set up
empirical basis and have not yet
calibrated against observations from
manufacturing and testing.

defect
on an
been
blade

2 Production Defects
Production defects for wind turbine blades are
typically [6]:
•
•
•
•
•

Delaminations
Wrinkles
Matrix cracks
Voids
Defects in glued joints

In the present paper only delaminations are
taken into account. However, the approach
taken is general and additional types of defects
can be included in the model.
Delaminations are areas of poor or no bonding
between adjacent plies which can be caused
by air traps, a poor infusion of resin in the
given area or similar dependent of the
production
process.
For
prepreg
the
delaminations can also be due to a poor
consolidation during curing. The delaminations
will mainly reduce the compression strength of
the wind turbine blade because of out-of-plane
buckling [9]. If the delamination is placed near
the outer or inner surface of the laminate the
delamination induces local buckling of a group
of plies, see figure 1. If the delamination is
placed near the centre of the material the
strength reduction will be caused by global
buckling of the laminate, see figure 1 [10]. In
fatigue loading the delamination can lead to a
stress concentration which can lead to
delamination growth and significantly reduce
the fatigue life for the blade.

Figure 1: Local and global buckling mode for
delamination.
The influence of delaminations on the ultimate
compression strength has been studied in [10]
for GFP and in [3] and [4] for sandwich
structures exposed to different load cases. The
main parameters which influence the strength
reduction are the size of the delamination and
the through thickness position. In the following
a delamination is modelled as a 2 dimensional
surface because it occurs between two plies in
the laminate. The shape of the delamination is
assumed circular with diameter s , see figure

2. The diameter s is modelled as a stochastic
variable with an exponential distribution.
FS ( s ) = 1 − exp ( − χ S s )

(1)

where
χ S intensity parameter for diameter s

The distribution of the n events in the
region A is an independent random
sample from the uniform distribution on A .

ii)

The first hypothesis (i) gives the following
Poisson distribution for the number of defects
n in the region A .
PN A ( n )

(λ A )
=

n

exp ( −λ A )
n!

(2)

where n is the number of defects in the region
A , λ is the intensity parameter and A is the
area of the region A .
Figure 2: Planar circular delamination with
diameter s.

3 Distribution of Defects
In the following section two models for the
distribution of defects in wind turbine blades
are proposed. The distribution of defects for
the two models is illustrated by a numerical
example with the main spar of a wind turbine
blade.

3.1 Model 1: Complete random
distribution of defects
As previously stated, the position of defects in
wind turbine blades has a significant influence
on the reduction in load carrying capacity. In
the present section a stochastic model for
generation of completely random defects in a
wind turbine blade is proposed in order to
model the defects after production. Complete
random defects will normally occur for a
normal manufacturing process. The model
assumes that the blade can be considered as
a planar 2-dimensional region. Considering the
blade as a planar region will for most defects
be an appropriate assumption since defects
tend to occur in a layer or in the interface
between two layers of the laminate which leads
to planar defects. The position of each planar
defect in thickness can be modelled as a
stochastic variable.
The distribution of defects on a planar region
can be modelled by Complete Spatial
Randomness (CSR) as described in [11] and
[12]. The distribution of defects is based on two
hypotheses:
i)

The number of defects in the region A
A
follows a Poisson
with area
distribution.

The mean value μ N and variance σ N2 for the
number of defects in the region A are given
by:

μN = λ A

(3)

σ =λ A

(4)

2
N

The intensity parameter λ is for CSR
modelled as a constant in (2), (3) and (4)
corresponding to a homogenous Poisson
process. For real wind turbine blades the
intensity parameter can vary with position on
blade or size of the blade. Also, the time for
manufacturing can influence the intensity
parameter and lead to an inhomogenous
Poisson process. However, wind turbine blade
manufacturers monitor the manufacturing
process in order to keep a constant quality of
the blades. This monitoring will lead to a nearly
constant intensity parameter and thereby a
homogeneous Poisson process.
The second hypothesis (ii) specifies that the
position of the individual defects should be
sampled from a uniform distribution in the
region A . The uniform distribution over a
region can easily be obtained if the region is
squared or rectangular. For more complex
regions uniform distributed defects can be
modelled by the following approach, see also
figure 3 [13].
1) Define a squared or rectangular region A '
for which A ⊂ A ' .
2) Generate uniform distributed defects on
A ' until n defects are obtained in A .

i)

The parent events form a complete
random distribution, see section 3.1.
ii) Each parent defect produces a number of
offsprings
no
following a Poisson
distribution.
iii) The position of the offspring defects
relative to their parent is independently
and identically distributed according to a
bivariate probability density function h .
Figure 3: Uniform distribution of defect in the
region A.
When the number of defects n in the region A
is determined together with the position of the
individual defect these defects can be attached
additional discrete or continuous information.
Discrete information can e.g. be information
about the type of defect or the shape of a
defect. In order to model the discrete
information stochastic a discrete probability
distribution function must be specified for each
parameter.
Continuous information can e.g. be information
about the size of each defect. The continuous
parameters are modelled by a continuous
probability distribution function for each of the
parameters. For delaminations (circle) the size
is modelled by the diameter s which is
considered as a stochastic variable.

3.2 Model 2: Random cluster
distribution of defects
The model presented in section 3.1 was based
on the assumption that defects occur randomly
and independent which will be the case for a
normal manufacturing process. However, if the
manufacturing process is abnormal a defect in
a wind turbine blade can trigger additional
defects in the area close to the defect. In the
following this effect is taken into account by
using a clustered Poisson process, see [11]
and [13].
The clustered Poisson distribution is based on
a number of “parent” defects n p . The parent
defects are generated based on the model for
complete spatial randomness given in section
3.1. For each of the parent defects a number of
“offspring” defects are defined. Only the
offspring defects represent the final distribution
of defects. The distribution of random cluster
defects is based on the following three
hypotheses:

The first hypothesis (i) gives the following
homogeneous Poisson distribution for the
number of parent defects n p in the region A .
PN P , A ( n p )

(κ
=

A ) exp ( −κ p A )
np

p

np !

(5)

where n p is the number of parent defects in
the region A and κ p is the intensity parameter
for the parent defect.
The hypothesis (ii) states, that also the number
of offsprings from each parent defects follows
a Poisson distribution given by:
PNO ( no ) =

(κ o )

no

exp ( −κ o )
no !

(6)

where no is the number of offsprings for each
parent defect and κ o is the intensity parameter
for the offspring defects.
The last hypothesis (iii) specifies the position of
the individual offsprings. In the following it is
assumed that the distance from the parent
defect to the offspring is given by a bivariate
normal distribution which in general will lead to
many offsprings located relatively close to the
parent defect.
h ( x1 , y1 ) =

⎛ x12 + y12 ⎞
exp
⎜−
⎟
2πσ 2
2σ 2 ⎠
⎝
1

(7)

where x1 , y1 are the coordinates from parent
defect to the offspring defect and σ is the
standard deviation for the distance.
By modelling the position of the defects by a
distance from the parent gives the
disadvantage that the specified position of the
defects can be located outside the region A .

In order to avoid this edge effect a periodic
boundary condition is imposed [11].
1) Any generated x -coordinates of
ka + x , for a non-zero integer
0 < x < a is transformed to x .
2) Any generated y -coordinates of
kb + y , for a non-zero integer
0 < y < b is transformed to y .

the form
k and
the form
k and

The periodic boundary condition is specified for
a planar rectangular region with length and
width a, b . However, this assumption can to
some extent be relaxed by use of the following
substitutions a = a ( y ) and b = b ( x ) . The
assumption of a periodic boundary condition
will normally be a good approximation in the
longitudinal direction of the blade.

The main spar carries about 90% of the loads
in the flapwise direction and is in the following
considered alone for simplicity purpose. The
approach taken is, however, general and could
easily be extended to the entire blade.
For flapwise loading of the main spar the most
probable failure modes are:
•
•
•
•
•

Tensile failure in spar cap
Compression failure in spar cap
Buckling failure in spar cap
Shear failure in spar webs
Instability of the webs

The main spar can be considered as a planar
region if the box is unfolded to a plate, see
figure 5.

The expected number of defects in the region
A obtained by the clustered Poisson process
is given by:

μ N = κ oκ p A

(8)

The variance for the number of defects can be
calculated numerically.

3.3 Distribution of delaminations
In the following, a wind turbine blade which
consists of a main spar and an aerodynamic
shell, see figure 4, is used as a case study.

Figure 4: Cross section of blade profile.
The main purpose of the aerodynamic shell is
to give the optimal aerodynamic shape of the
blade and give support for loading in the
edgewise direction. The aerodynamic shell is a
sandwich structure with faces of laminated
composite material. The main purpose of the
spar is to carry loads in torsion and in the
flapwise direction. The spar webs are also
made of a sandwich structure with faces of
biaxial laminas whereas the spar caps are
made of unidirectional and biaxial laminas.

Figure 5: Planar representation of main spar.
When the main spar is unfolded to a plate an
edge effect is introduced. In order to avoid this
edge effect a periodic boundary condition is
imposed in the longitudinal direction of the
main spar, see section 3.2.
In figure 6 and figure 7 realisations of the
position for delaminations in the main spar are
given for model 1 (section 3.1) and model 2
(section 3.2).

Figure 6: Realisations of defects model 1.

Figure 7: Realisations of defects model 2.
From figure 6 it is seen that the delaminations
occur randomly in the blade. However, on

4 Non Destructive Inspection
In the previous section the position, size and
type of production defects have been modelled
as stochastic variables. After manufacturing
the wind turbine blade is normally quality
controlled by Non Destructive Inspection (NDI)
such as visual inspection or ultrasound
scanning in order to detect larger defects in the
blade.
The ability of these NDI-methods to indicate
defects in the blade can be modelled by
Probability of Detection (PoD) curves. The
probability of detection will normally be
dependent on the size and type of the defect.
But also the through thickness position of the
defects can have a significant influence on the
probability of detection.
PoD-curves have previously been used for
cracks in e.g. welded steel structures [14]. In
composite materials and sandwich structures
the methods for NDI have been considered in
e.g. [6]. In the following, representative PoDcurves are modelled by an exponential
distribution and depend only on the size of the
defects.
FSδ (δ | s ) = 1 − exp ( − χ PoD s )

(9)

where δ is detection of a defect, Sδ is the
smallest detectable defect (stochastic) and
χ PoD
is the intensity parameter for
delaminations.
Defects such as delaminations are normally
rather easy to find by NDI-methods whereas
for example wrinkles are much harder to find.
This means that the intensity parameter should
be dependent on the defect type. Using results
from NDI the distribution of the defect size can
be updated by Bayesian methods.
f S ( s | NDI ) =

f Sδ (δ | s ) f S ( s )

(10)

∞

∫ f (δ | s ) f ( s ) ds
Sδ

f S ( s | NDI )

f S ( s | NDI ) = ( χ S + χ PoD ) exp ( − ( χ S + χ PoD ) s ) (11)

with mean value and variance given by:

μ S | NDI =
σ S2| NDI =

1
χ S + χ PoD

(12)

1

( χ S + χ PoD )

(13)

2

In the present case the posterior distribution is
also an exponential distribution since the
exponential distribution is a conjugated prior to
the likelihood function. For other choices of
prior and likelihood function these will not
necessarily be conjugated and the posterior
distribution
must
then
be
calculated
numerically.
In figure 8 the distribution functions for the
delamination diameter are given after
production and after NDI. The mean
delamination size after production is assumed
to be μ S = 0.20 m and the mean size of
delaminations detected by NDI is assumed to
be μ PoD = 0.10 m. The mean size of the
delaminations after NDI is μ S | NDI = 0.07 m.
1
0.8
0.6
0.4
0.2
0

After Production
After NDI
0

0.2

0.4
0.6
Delamination size s [m]

0.8

1

Figure 8: Distribution of delamination size.
If the defect growth is modelled by a stochastic
model with more than one stochastic variable,
then Bayesian methods can be used to model
the inspection result, e.g. 'no-find' of a defect.

S

0

where

function for the probability of detection (9) in
(10) the posterior distribution for the
delamination size is given by:

Cumulative Value [-]

figure 7 the delaminations appear in clusters
with typically 1-3 delaminations.

is

the

probability

for

delamination diameter s after NDI.
By inserting the prior distribution for the
delamination size (1) and the likelihood

The Non Destructive Inspection methods are,
however, not perfect, which leads to indication
of defects even though there are no defects in
the given area. This effect can be modelled by
the Probability of False Indication (PFI), which
is dependent on the area which is inspected
[14].

5 Reliability Assessments
In this section methods for assessment of the
probability of failure for wind turbine blades
containing defects are studied. Failure due to
damage accumulation (fatigue) is in the
following neglected and only ultimate loading is
considered. The methods are based on the
models for distribution of defects presented in
section 3.

5.1 General limit state function
In the general case the probability of failure in
ultimate loading can be calculated from the
limit state function:
g = X R R ( σ max , ε max , E, D ) − X L L

(14)

where X R is the model uncertainty for the
capacity model R . The capacity model
depends on σ maxT = { X c , X t , Yc , Yt , S } which is a
vector containing the ultimate stress strength
for
the
individual
lamina.
T
ε max = {ε1c , ε1t , ε 2 c , ε 2t , ε 6 } is a vector containing
the ultimate strain strength for the individual
lamina. ET = { E1 , E2 , G12 ,ν 12 } is a vector
containing the elastic properties for the
individual lamina and the vector D is
containing information about the defects in the
blade such as type, size, location and NDI. X L
is the model uncertainty for the load model L
which among others depend on the mean wind
speed, turbulence intensity and type / settings
of the control system.
The stresses and strains in the wind turbine
blade can be calculated based on nonlinear FE
analysis. However, in order to determine the
capacity R , a definition of failure must be
established. For a perfect laminate failure of a
ply/lamina can be determined based on one of
several failure criteria [15].
•
•
•
•
•

Maximum strain
Maximum stress
Tsai-Hill
Tsai-Wu
Puck

Also failure modes such as buckling related to
local or global instability should be taken into
account.
The definition of failure for the wind turbine
blade is often in reliability calculations

determined from failure of the individual
ply/lamina in one of the following ways:
•
•

First Ply Failure (FPF)
Last Ply Failure (LPF)

The wind turbine blade can for the FPF be
interpreted as a series system of laminas and
for the LPF as a parallel system. Defining
failure of the wind turbine blade according to
FPF will lead to an upper bound for the
probability of failure and similar the LPF will
lead to a lower bound. Wind turbine blades are
normally designed in order to obtain damage
tolerance of the blade for which reason the
blade can be considered as a series system of
parallel systems.
The limit state function (14) can unfortunately
not be used directly to estimate the probability
of failure. However, the probability of failure
can be determined by either using simulation
or by modifying the limit state function. In the
following, the two approaches are elaborated.

5.2 Simulation
The probability of failure for a wind turbine
blade containing defects can be determined by
Monte Carlo simulation of the limit state
function. By simulating input parameters which
are used in a FE analysis, the failure criteria
can be calculated and the probability of failure
evaluated.
The input information about the defects in the
wind turbine blade (number, type, size and
location) is generated from one of the two
stochastic models presented in section 3. For
each realization the generated defects are
implemented in the FE model together with
realizations of the material properties. The
material properties are the elastic properties E
and the ultimate strength stresses and strains
σ max and ε max which are modelled by random
fields. Local strength reductions due to the
generated defects should be modelled by a
stochastic mode dependent on the defects
type and size. Also realizations of the ultimate
load should be generated after which the FE
analysis can be performed. Based on the
calculated stresses and strains the failure
criteria can be checked and “failure” or “no
failure” can be determined. From the Monte
Carlo simulation the probability of failure can
be determined by:

PF =

N failure

(15)

N sim

where N failure is the number of simulations
leading to failure and N sim is the total number
of simulations. However, in order to get a good
approximation of PF the total number of
simulations has to be high which makes the
simulation approach time consuming.

5.3 Modified limit state function
The limit state function (14) can be modified by
explicitly taking the influence of the defects in
the wind turbine blade into account.
For the wind turbine blade not containing any
defects the ratio α intact can be defined as the
factor by which the 50-year load distribution
(characteristic load) can be increased before
the blade fails using characteristic material
properties. Similarly, the ratio α defect can be
defined for the blade containing defects. If the
structural model is linear, failure is determined
by FPF and the same failure criteria is used in
the code-based deterministic design then
α intact = γ mγ nγ f . The partial safety factors are
given in [8] and listed in table 1.
Table 1: Partial safety factors [8].
Partial safety factor
γ m - Material properties

γ n - Consequences of failure
γ f - Loads

Value
1.3
1.0
1.35

The ratio between α for the blade not
containing defects and the blade containing
defects are defined as the influence factor θ
which determines the influence of defects on
the load carrying capacity.

θ=

α defect
α intact

(16)

From the ratio α the modified limit state
function can be formulated.
g (α ) =

α
X R ( σ max , ε max , E ) − X L L
α intact R

(17)

where σ max , ε max and E do not depend on the
defects. The ratio α depends on the number,
type, size and location of the defects which can

be generated by the models presented in
section 3. Also the uncertainty in the
assessment of the strength reduction due to
these defects is contained in α . The
probability of failure based on the modified limit
state function can be calculated as.
PF = ∑ P ( g (α ) ≤ 0 ) P (α )

(18)

α

where P ( g (α ) ≤ 0 ) is the probability of failure
given α which can be calculated by the First
Order Reliability Method (FORM) [16]. P (α ) is
the probability for getting the ratio α and the
summation over α corresponds to summing
over all numbers, types, sizes and positions of
the defects. The reliability index β is defined
based on the probability of failure.

β = −Φ −1 ( PF )

(19)

6 Reliability of Main Spar
In the following section a numerical example
with the reliability of the main spar in section
3.3 is considered. The probability of failure is
determined using the modified limit state
function in section 5.3. Failure of the individual
ply/lamina is defined by the maximum strain
criteria and failure of the spar is defined by
First Ply Failure.

6.1 Load carrying capacity
The load carrying capacity is first calculated for
the main spar not containing any defects. The
strains in the spar during ultimate loading are
calculated by a geometrical nonlinear FE
analysis. The input parameters to the analysis
are besides the geometry also material
properties which can be either characteristic or
design values. The load is applied at three
sections in the longitudinal direction and scaled
linearly until failure occurs. A part of the finite
element model is shown in figure 9 for the load
step corresponding to the characteristic load
carrying capacity. From the figure it is seen
that the pressure side of the main spar goes
into a global buckling mode leading to high
strains in the transverse direction. The high
strains become critical because the cap is
mainly made of unidirectional laminas.

nonlinear until FPF after which the strains
increase suddenly due to buckling of the main
spar cap and collapse of the webs. In the
longitudinal direction the cap is in compression
until buckling where tension is developed in the
inner side of the cap. The strains in the
longitudinal direction are in general small
compared to the characteristic value. The
transverse strains in the outer side of the main
spar, figure 10 (Bottom), are slightly smaller
than in the inner side of the main spar cap. In
the longitudinal direction the strains (compression) are higher than on the inner side.
Figure 9: Global strains in x-direction
(transverse) for the section from 9.6m to 12.1m
from the root.
In figure 10, the strains in the transverse and
longitudinal direction of the main spar are
given dependent on the load level. The strains
are plotted for the unidirectional lamina in the
most critical position, which is located 11.7m
from the root in the inner side of the main spar
cap in compression. The strains are
normalized with respect to the characteristic
strain and the load is normalized with the
characteristic load carrying capacity.

Normalized strain [-]

4
3

Transverse xx
Longitudinal zz
First Ply Failure

2
1
0
-1
0

0.2

0.4
0.6
0.8
Normalized load [-]

1

1.2

Normalized strain [-]

0
-1
-2

-4
0

Transverse xx
Longitudinal zz
0.2

0.4
0.6
0.8
Normalized load [-]

The strength reduction of the laminate due to a
delamination
is
estimated
based
on
representative tests. In the tests panels
containing different sizes of delaminations are
loaded in in-plane compression until failure and
the strains in the longitudinal direction of the
unidirectional fibers are measured. The
strength reduction in the transverse direction is
not tested. The through thickness position of
the delaminations is 20% of the thickness and
the size of the delaminations tested
corresponds to 30 and 40% of the panel width.
The compression strains in the longitudinal
direction at failure are given in table 2 where
the strains are normalized with respect to the
mean strain at failure in case of no defects.
The tests indicate a coefficient of variation for
the results on approximately 10-20%.
Table 2: Mean compression strain in the longitudinal direction at failure for delaminations.
Defect
Size
Strain
No defect
1.00
Delamination
30%
0.63
40%
0.47
50%
0.32*
* The value is estimated.

1

-3

Based on the finite element calculation for the
main spar not containing any defects are α intact
calculated to α intact = 1.53 , which is lower than
the product of the partial safety factors due to
the nonlinear behaviour.

1

1.2

Figure 10: Normalized strains in transverse
and longitudinal direction, unidirectional
lamina. Top: inner side. Bottom: outer side.
From figure 10 (Top) it is seen that the strains
in the transverse direction increase slightly

In the following it is assumed that a
delamination with the same properties as
tested is located at the most critical position in
the main spar and having one of the following
diameters:

•
•
•

30% of cap width - s = 0.19 m
40% of cap width - s = 0.25 m
50% of cap width - s = 0.31 m

The load carrying capacity of the main spar is
then determined using the reduced ultimate
maximum strain estimated from table 2 for
compression in the longitudinal direction. It is
assumed that the width of the main spar cap
can be regarded as width of the tested panels.
If the strength is only assumed to be reduced
for compression in the longitudinal direction of
the unidirectional fibers the delaminations will
not influence the load carrying capacity. This is
due to the low strength of the fibers in the
transverse direction and that failure is
determined by FPF. In the following it is
assumed that the strength reduction in the
transverse direction (tension) is 50% of the
reduction for compression in the longitudinal
direction given in table 2. The validity of this
assumption has not been verified. The ratio α
and factor θ are given in table 3 for the
delamination in the main spar.
Table 3: α and θ values for main spar
containing a defect.
Defect
Size
αdefect
θ
Delamination
30%
1.39
0.91
40%
1.31
0.86
50%
1.23
0.81
The factors θ indicate that the characteristic
load carrying capacity of the main spar is
reduced 10-20% for the delaminations
corresponding to 30-50% of the width for the
main spar cap.

6.2 Sensitivity analysis
In order to determine the influence of the
material properties on the load carrying
capacity a sensitivity analysis is performed.
The sensitivities are determined for the main
spar not containing any defects and are
performed for the three most important
material properties which are assumed to be:

•
•
•

Ultimate tensile strain transverse ε2t
Longitudinal elasticity modulus E1
Transverse elasticity modulus E2

The sensitivities are determined for the
unidirectional laminas and no sensitivity
analysis for the core material and biax laminas
has been performed. The sensitivity analysis is
performed by reducing the characteristic
material properties 5% one by one and then
recalculating the load carrying capacity. The
calculated capacities are given in table 4
where all capacities have been normalized with

respect to the characteristic load carrying
capacity.
Table 4: Sensitivity analysis for material
properties.
Parameter
Load carrying capacity
Characteristic
1.000
0.980
ε2t
0.984
E1
0.985
E2
From table 4 it is seen that the three
parameters each decrease the characteristic
load carrying capacity approximate 1-2% when
they are reduced by 5%.

6.3 Reliability assessment
The probability of failure for the main spar can
be determined from the modified limit state
function given in section 5.3. The design
equation for the blade in ultimate loading is
given by:
G=

z

γn

Rd ( ε 2t , E1 , E2 ) − γ f Lc

(20)

where z is a design parameter which
balances the equation, index c is used for
characteristic values, and index d is used for
design values. The limit state function in
ultimate loading is given by:
g (α ) =

zα
X R ( ε 2t , E1 , E2 ) − X L L
α intact R

(21)

The capacity model R is determined by a
linearization of the load carrying capacity for
the characteristic material properties.
n

R = Rc + ∑ ( xi − xic )
i =1

∂Rc
∂xic

(22)

where xi is the material property i and xic is
the characteristic value for material property i .
The linearization is performed for the same
material properties as the sensitivity analysis in
section 6.2 and the other material properties
are neglected. The stochastic models for the
parameters in the limit state function is given in
table 5 and are among others based on [17]
and [18]. The individual material properties are
assumed uncorrelated based on statistical
assessment of the results from the Optimat
Blades project [19].

Table 5: Stochastic models limit state function.
Variable
Distribution
COV
Lognormal
10 %
ε2t
Lognormal
5%
E1
Lognormal
5%
E2
Lognormal
5%
XR
Lognormal
25 %
XL
Gumbel
23 %
L

From table 6 it is seen that the reliability index
for the main spar not containing any defects is
slightly lower than the target reliability index
β = 3.09 in [8]. The lower reliability index can
be due to the nonlinear behaviour of the strains
but also the failure criteria for the individual
plies and the main spar can influence the
result.

The probability of failure and the reliability
index are given in table 6 for the main spar
containing one delamination located at the
most critical position. Three different sizes of
delaminations are considered. It is assumed
that the delamination gives a reduction in the
ultimate transverse strain, see section 6.1.

The delaminations located at the most critical
position increase the probability of failure
approximately by one order of magnitude.
However, because the delaminations are
rather large the probability of detection by NDI
is high leading to a significant updating of the
probability of failure. The updated probability of
failure is based on the assumption that the
delaminations are perfectly repaired.

After the production process the wind turbine
blades are quality controlled by NDI as
described in section 4. By assuming that the
defects detected by the NDI are perfectly
repaired the probability of failure can be
updated dependent on the probability of
detection. By assuming that the blade contains
one defect the updated probability of failure is
given by.
PF |defect , NDI = P ( g (α intact ) ≤ 0 ) P (δ | NDI ) +
P ( g (α defect ) ≤ 0 ) (1 − P (δ | NDI ) )

where

the

probability

P (δ | NDI )

is

(23)

the

probability for detecting the defect by NDI. In
case of several defects the updated probability
of failure should be determined based on the
different combinations of detection and no
detection.
Assuming that the main spar is quality
controlled by an NDI method as described in
section 4 the updated probability of failure is
calculated by (23) and given in table 6. It is
assumed that the mean of the smallest
detectable delamination corresponds to a
diameter with μ PoD = 0.10 m.
Table 6: Probability of failure and reliability
index before and after NDI.
Defect
Size
PF
β
No defect
1.9⋅10-3 2.90
Delamination
30%
4.0⋅10-3 2.65
40%
6.2⋅10-3 2.50
50%
1.0⋅10-2 2.33
Delamination | NDI
30%
2.2⋅10-3 2.85
40%
2.2⋅10-3 2.84
50%
2.3⋅10-3 2.84

7 Conclusion and future work
In this paper a framework for modelling of
defects in wind turbine blades is presented especially, the distribution of defects in wind
turbine blades and the reliability of the blades
in the ultimate limit state are considered.
For the distribution of defects two stochastic
models are proposed. The defects are for the
first model distributed completely random in
the blade by a homogeneous Poisson process.
For the second model the defects will tend to
occur in clusters which are modelled by two
coupled homogeneous Poisson processes.
The defects in the wind turbine blades are an
outcome from the production process and will
influence the reliability of the blade, dependent
on their number, type, size and location. In a
numerical example, the reliability for the main
spar of a wind turbine blade is determined for
three different sizes of defects in the shape of
delaminations. The largest delamination
increases the probability of failure with
approximate one order of magnitude. Based on
inspection of the main spar after production by
NDI the probability of failure can be updated
significantly.
The probability of failure in ultimate loading is
mainly reduced by large delaminations which
have a high probability of detection by the NDI.
However, smaller delaminations which are
much harder to detect can grow due to stress
concentrations. This can have a significant
influence on the fatigue and ultimate capacity
later in the service life. This effect should be
studied further. Also the influence of variations

in the material strength over the blade should
be studied.
[6]
Reliability based inspection planning and risk
based inspection planning have in several
years been used to determine optimal
inspection plans for welded joints in offshore
steel structures. The methods presented in this
paper can be used as a starting point for the
development of similar inspection plans for
wind turbine blades. This is especially relevant
for fatigue loading where the defects can
increase between the inspection intervals.
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