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ABSTRACT
The structural analysis of wind turbine blades is completed using vastly different
computational modeling strategies with varying levels of model sophistication and detail.
Typically, preference of one modeling strategy over the other is decided according to
subjective judgment of the expert. The central question that arises is how to justify the
chosen level of sophistication and detail through quantitative, objective and scientifically
defendable metrics. This manuscript takes a step toward answering this question and
investigates the necessary level of sophistication and detail needed while modeling the
cross-section of wind turbine blades by: i) rigorously quantifying the model incompleteness
resulting from simplifying assumptions and ii) comparing the predictive maturity index
associated with alternative modeling strategies. The concept of predictive maturity is
illustrated on a prototype blade. The incompleteness of five alternative models with varying
sophistication in the cross section of the shell elements are assessed through model form
error and predictive maturity index. While model form error is observed as constant for
varying levels of sophistication, through the predictive maturity index, it is found that
models with lesser sophistication may have predictive capabilities comparable to more
sophisticated, computationally expensive models.

1. INTRODUCTION
In the United States, wind energy has the potential to supply 20% of energy capacity by
2030 [1]. Wind plants, and the wind turbines comprising those plants, are being produced at an
increasingly greater scale to capture and produce more energy to meet the growing demands
of the wind energy industry [2, 3]. To ensure our reliance upon current sources of wind energy
and the expansion of this nascent technology, it is crucial to understand the dynamics of wind
turbine blades, which are the first to extract energy from the wind and generate all loads on
the system [4, 5, 6, 7]. Though wind turbine blades account for only 10–15% of the cost of the
wind turbine system [2], subsequent damage can result in rotor instability and damage to
the entire system [8]. Full scale testing is essential for studying the performance of wind
turbine blades, however, is limited to providing measurements of the response due to idealized
loads, and becomes more expensive as wind turbine blades are produced at a larger scale [2].
Recently, modeling and simulation (M&S) has become a widely accepted approach for the
study and analysis of wind turbine blades, owing to their versatility in predicting many
complex load cases that are impractical to implement in laboratory settings [9]. Further, M&S
techniques have become commonplace in design standards and certifications [10], offering a
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cost and time efficient alternative for the study and analysis of wind turbines. Reliance on
M&S in the study of wind turbine blades has been established for the study of innovative
designs [6, 11], structural health monitoring techniques [12, 13], and potential power output
when coupled with computational fluid dynamics models [14, 15, 16]. It must be emphasized
however that M&S, while elaborate, only supplies an approximation of reality. Therefore,
there is a need to quantify the incompleteness of numerical models and establish guidelines
for the level of sophistication and detail necessary for achieving the desired accuracy in wind
turbine blade modeling. This manuscript takes a step in this direction and quantifies the model
incompleteness through model form error [17].
This manuscript investigates the degrading effects of modeling simplifications on the
predictive maturity of finite element (FE) models of a 44-meter prototype wind turbine blade.
The modeling simplification investigated herein comes from the reduced detail in the crosssection of the blade. The most sophisticated model (henceforth referred to as the baseline
model) is built with orthotropic materials and a composite cross-section, requiring 90 material
dependent input parameters, while the least sophisticated model is built with an isotropic,
smeared cross-section, needing only 20 input parameters. The simplifications to the material
cross-sections affect not only the model form error due to model incompleteness but also the
number of input parameters. Hence, a central question of interest is whether the increased
number of material dependent input parameters, and thus the uncertainty in prediction, is
justified by the gain in the predictive maturity, i.e. reduced model form error.
This manuscript is motivated by the evidence found in pertinent literature regarding the
lack of uniformity in the development of FE models of wind turbine blades, see Section 2.1. In
Section 2.2, we introduce concepts essential to the approach implemented for quantifying the
model incompleteness of numerical models. In Section 2.3, a proof of concept example is
provided that discusses the effect of model form error on predictiveness of numerical models.
In Section 3.1, we overview the development of alternative FE models of the prototype blade
used in this study. Verification studies, necessary to ensure that estimates of model form error
are not contaminated with numerical errors, are discussed in Section 3.2. In Section 4, the
model form error associated with simplified, less-sophisticated FE models is evaluated.
Section 5 goes a step further and implements the predictive maturity index (PMI), a
quantitative metric that supplies a holistic assessment of the predictive capabilities of
numerical models. Section 6 provides a discussion of findings, an overview of the underlying
premises, and the limitations of the presented approach.

2. BACKGROUND
M&S offers a faster and more economical alternative to building and testing blades during the
design phase. This, however, introduces a new paradigm of how to create accurate predictive
models for wind turbine blades. Consequently, a cursory review of efforts in M&S of wind
turbine blades is provided in Section 2.1. Model form error, a concept essential to this paper, is
introduced in Section 2.2 and demonstrated with a proof of concept example in Section 2.3.

2.1. Review of pertinent literature
In the pertinent literature, diverse modeling strategies have been implemented to study the
behavior of wind turbine blades. For instance, Ref. [18] claimed shell and brick elements in a
linear analysis to provide sufficiently accurate predictions, while another study found it
necessary to use a non-linear analysis [19]. Often, reducing the computational cost of the
analysis has been pursued through the use of one-dimensional beam elements to represent
three-dimensional effects [20], or by non-linear composite laws to smear the cross section and
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leave out unnecessary details provided by micromechanical models [21]. Modeling strategies
specifically for wind turbine blades have also been proposed, such as new element formulations
for the FE analysis [22], or the use of reduced-order analysis methods to forgo the FE method [23].
Undeniably, different modeling strategies change the number of input parameters that
need to be accurately defined to reach high-fidelity solutions. Of course, keeping the number
of parameters low makes the sensitivity analysis, uncertainty quantification and
accompanying calibration activities manageable. Moreover, increased number of uncertain
input parameters may very well increase the uncertainty in the model predictions. Therefore,
there is a trade-off between increasing the model sophistication and detail and managing the
uncertainties associated with the model development.
Earlier studies have completed qualitative comparisons of the predictiveness of
alternative modeling strategies. For instance, Ref. [24] compared the performance of shell and
solid models to evaluate the response of a box girder of a wind turbine blade to compressive
loads. Both shell and solid models used in the study were deemed sufficient, except that shell
elements were unable to model geometric non-linearity when deflections were comparable
to the laminate thickness. Ref. [7] investigated the tradeoffs of 2-dimensional analysis versus
3-dimensional analysis. Equivalent beam properties were extracted for blade models
developed using both techniques, with the 3-dimensional approach producing a more flexible
result. In addition to this qualitative assessment, the authors suggest that the ease in which a
2-dimensional analysis can be performed is appropriate for preliminary design, while
3-dimensional models are necessary for more detailed investigations of blades. This present
study supplies a unique contribution to the existing literature as it illustrates an objective,
scientifically defendable and quantitative comparison between alternative modeling
strategies for wind turbine blades.

2.2 Model form error
Model form error is defined as the difference between physical reality and model predictions
that cannot be further reduced via parameter calibration and in this study, is estimated as
proposed in Ref. 17 (Eqn. 1):
yobs (x) = ysim (x; θ) + δ(x) + εTest

(1)

where yobs(x) are the physical or observed measurements, ysim(x; θ) are the model
predictions, δ(x) is the discrepancy term, and εTest is the measurement error. In Eqn. 1,
x represents control parameters, which are factors that can be controlled during an
experiment. These parameters define the domain within which the model is expected to
make accurate predictions. The calibration parameters are represented by θ, which are
parameters that are input to the model but not observed during experimentation.
In reality, model form error is only known at discrete settings where experiments are
available and thus, must be estimated for untested settings. Herein, discrepancy is estimated
using a fully Bayesian interpretation as proposed by Ref. 25. Our best estimate of model form
error is obtained by training a Gaussian Process Model (GPM) and referred to as discrepancy
bias.

2.3. Model sophistication: proof of concept
This section presents a simple proof of concept example to demonstrate model
incompleteness as presented in Ref. 26. First, we define an arbitrary mathematical function
referred to as “truth”.
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Figure 1: Ensemble plots of the model predictions.
We randomly select five control parameter values, x, and generate synthetic observations
using the truth function (see Figure 1a). Next, from the same truth function, two incomplete
simulation models are derived by incrementally reducing the number of mathematical terms.
Here, we discuss the predictive capabilities of these two distinct models with different levels of
model sophistication: crude model (ysim1) and a refined model (ysim2).
The crude model, ysim1, has only one uncertain input parameter, θ1, which is known to have
a value between 0 and 1. Figure 1a shows an ensemble of crude model predictions obtained by
varying θ1 within its upper and lower limits. The ensemble predictions of this crude model are
unable to reproduce all five experimental observations. This inability is because the
mathematical function for ysim1 is lacking essential terms (and thus essential input parameters)
that are present in the truth function. Such incompleteness results in discrepancy bias, δy1.
The refined model, ysim2 has additional mathematical terms, which result in an additional
input parameter, θ2. By allowing both θ1 and θ2 to vary within their predefined ranges, a new
ensemble of refined model predictions can be obtained as shown in Figure 1b. Although
improved in its model sophistication, the refined model (ysim2) is still incomplete and has an
associated discrepancy bias, δy2.
Figure 2 presents the mean of ensemble predictions for ysim1 and ysim2, along with the
corresponding plots for discrepancy bias, δy1(x) and δy2(x). The improvement in predictive
abilities of the second model can be visually observed in Figure 2, wherein the function of the
refined model, ysim2, is able to better capture the behavior of the truth function compared to ysim1.
The increased sophistication of model ysim2 allows for a reduction in discrepancy and more
adequate predictions of synthetic observations. However, the fact that ysim2 has more
uncertain input parameters compared to ysim1 cannot be overlooked as more uncertain
parameters may translate to more uncertainty in the predictions.

3. MODEL DEVELOPMENT AND VERIFICATION
In this section, the development and verification of the FE models are discussed. Verification
studies are especially important for this study, since numerical errors, if not controlled, can
contaminate the predictions of model form error.

3.1. Model development with NuMAD
NuMAD, pre-processing software developed at Sandia National Laboratories, is utilized to
create the three-dimensional FE model of a prototype wind turbine blade with Shell281

W IND E NGINEERING VOLUME 36, N O . 3, 2012

PP

235-250

239

Statistics of ensemble predictions and modole discrepancy
Test data, yobs (x)
1.2

"Truth" function
Mean preduction, µ (ysim1(x))

Prediction, y (x, θ)

1

Mean preduction, µ (ysim2(x))
Discrepancy, δ 1(x)

0.8

Discrepancy, δ 2(x)

0.6
0.4
0.2
0

0

50

100

200
250
150
Control parameter, x

300

350

Figure 2: Comparison of Mean Predictions and Discrepancies (δy1(x) is equal to 8.9% of the mean
“truth”, δy2(x), is 4.6% of the mean “truth”).
elements in ANSYS v.12. The Shell281 elements currently utilized in ANSYS v.12 were
developed in response to a code verification study that brought into question the ability to
properly model torsional bending [27], and recently verified [28] for their performance in
bending, torsion, and modal analysis with closed form solutions applied to a hollow cylinder.
The blade used herein is 44 meters long with a representative geometry of a prototype
wind turbine blade. The prototype blade dimensions are approximated from on-site
measurements of a wind turbine blade located in Texas, as shown in Figure 3. Airfoil profiles
available from the National Renewable Energy Laboratory are approximated from the
measurements in the absence of design specifications for the cross-sections. The material
composition of the prototype blade is modeled using material lay-ups similar to those given in
Ref. [29]. First, a baseline FE model is created, in which the cross-section is modeled using
orthotropic materials and a composite lay-up with bi-axial layers.
The prototype blade herein is modeled by defining different cross-sections at a specific
distance from the root, hereby known as a station, as shown in Figure 4. The airfoil shape, twist
of station, chord length, and distance from the root of the blade are specified at each station.
The stations are then divided into material sections, to which different composite layers are
assigned. The internal structure of the shear web is modeled by connecting delineation points
through the airfoil cross-sections of the blade. To model the geometry accurately, nine stations
with different material lay-ups are used. The shear web is idealized as having a constant
thickness, with the height changing as the blade tapers. Five material sections are defined and
represented in Figure 5: the root, the spar of the blade, the trailing edge, the leading edge, and
the internal shear web that is not shown.
While generating the five alternative FE models, several assumptions about the material
composition of the blade cross-section need to be established. In an effort to limit the changes
solely due to model form error, equivalent material property values are maintained between
the five models. Here, the bi-axial composite materials are defined using Young’s Modulus,
Shear Modulus, Poisson’s ratio, density, thickness, and ply angle for rotation of the composite.
To simplify the model from a bi-axial composite cross-section to uni-axial, the material
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Figure 3: Measuring the wind turbine blade.
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Figure 4: Wind turbine blade development in NuMAD.
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Figure 5: ANSYS model showing different sections of the blade.
properties for each layer are calculated from the transformation of local material properties
onto a global axis. Changing the orientation of the local axis will affect the shear
deformations [30], and resulting shear strengths that are responsible for distributing applied
loads [31]. To assume an isotropic cross-section, equivalent material properties are produced
so that the values used in the x-, y-, and z- directions are nominally identical. This however, will
change the material stress-strain behavior and produce zero out of plane shear strain when
the material undergoes plane-strain conditions [30]. To convert the model from a composite to
a smeared cross-section, the rule of mixtures for composites, which has been shown to
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Table 1: FE Models developed in ANSYS
Layer
Input
Lay-Up
orientations
parameters
Composite
Bi-Axial
90
Composite
Uni-Axial
81
Smeared
N/A
45
Composite
N/A
36
Smeared
N/A
20
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Computation
time (sec)
99.45
77.92
45.69
88.13
44.74

accurately model linear systems,[32] is applied and a characteristic Young’s Modulus, Poisson’s
ratio and density are defined [33]. Smeared cross-sectional properties will create a uniform
stress distribution, unlike when the stress can vary from layer to layer in composites [30],
which by default ignores the in-plane deformations [34]. In addition, the rule of mixtures is not
appropriate when there are a large number of voids in the composite [35]. These assumptions,
applied to degrade the model sophistication, result in a decrease in the number of input
parameters necessary to define the five alternative FE models (Table 1) and fulfill an
overarching assumption necessary for this study: that the input parameters are known with
certainty. Thus the predictive capabilities of the alternative models are degraded only due to
the incompleteness and inaccuracy in which the underlying physics are represented.
As suggested in Table 1, the computation time necessary to complete a static analysis is
dependent on the sophistication of the model. The Baseline blade requires 99.45 seconds,
whereas Blade 4, modeled with the most simplifications, requires 44.74 seconds. Although
there is a degradation in the sophistication of the physics used to model the cross sectional
properties, there is more than a 50% reduction in computation time, which is sometimes
necessary to make sensitivity analysis and calibration studies feasible.

3.2 Solution Verification with ANSYS
Solution verification is important to ensure that numerical errors have a negligible effect on
the estimated model form error. Details of the mesh refinement study, which would be
required by certification standards in the design of wind turbine blades [10], are provided for
completeness.
The mesh convergence study is performed using static analysis in ANSYS v.12 by
observing the stress at the blade root and the displacement of the blade tip due to point loads.
To ensure that the global behavior of the blade is being compared, instead of local
concentrations, the stress and displacements are approximated by averaging over nodes in
the region of interest. Figure 6 shows six of the forty meshes used to perform the mesh

Figure 6: Six representative meshes in ANSYS (coarsest mesh with 62 elements and finest mesh with
10,663 elements).
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refinement study, and the convergence of the mesh is plotted in Figure 7 for all five blades. To
quantify the solution uncertainty of the mesh refinement the “exact but unknown” solution,
yReference is calculated [36]. Previous experiments [37] showed that the natural frequency and
damping for the first bending mode of a wind turbine blade has an average unit variability of
3.35%, thus, the chosen mesh size contains numerical errors consistent with a 1–σ bound of
experimental variability. A mesh consisting of 2152 elements is chosen for the final FE model,
indicated by the vertical black line in Figure 7. The solution error, inevitable due to the
approximate nature of finite element analysis, is manifested into the estimates of model form
error. However, the solution error due to tip displacement, calculated as 0.4%, will have a lower
contribution to model form error than the root stress, calculated as 6.6%. These differences in
solution error can be explained by the fact that asymptotic convergence was achieved at a
coarser mesh size for the tip displacement.

4. INFERRING MODEL FORM ERROR FOR THE LESS COMPLEX BLADE MODELS
The baseline model described in Table 1 is used to generate reference data due to the highest
level of sophistication provided. Reference data used herein is the blade tip displacement and
root stress due to a concentrated point load applied at ten randomly chosen points on the
surface of the blade. The tip displacement is calculated as the average of the nodal
displacements at the tip of the blade, whereas the root stress is the root mean square of the
nodal component stresses at the base of the blade. The location of each reference data point is
controlled by the x and z coordinates of the blade. Thus, the x and z coordinates represent the
control parameters, while all possible values of x and z represent the entire domain of
applicability, which in this study, is the profile of the blade.
The reference data is used to determine the model incompleteness of the four blade
models with lower sophistication. This is straightforward at the ten points where baseline data
points are available. However, this discrete comparison at ten points only delivers a partial
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knowledge about the model incompleteness. To achieve full knowledge the model form error
must be quantified for the entire domain of applicability, i.e. all possible values of x and z.
However, this requirement poses high demands on computational resources. Especially when
the application of interest is not readily amenable to obtain a large number of physical
experiments and the simulation model takes a considerable amount of time to complete. To
eliminate these prohibitive demands on experimental and computational resources, we
utilize the available reference data and train a GPM to represent the discrepancy bias.
Therefore, the reference data from the baseline FE model is used to train a discrepancy GPM
associated with the model (recall δ(x) in Eq. 1). The procedure is repeated for each of the four
alternative modeling strategies.
For brevity, Figure 9 presents the results for Blade 4 only. Figure 9a illustrates the
disagreement between the model predictions of Blade 4 and the reference data points
provided from the baseline model. The trained discrepancy GPM is non-deterministic in
nature, therefore error bars are used to represent the bias-corrected predictions. For all ten
data points, the reference data falls within the range of bias-corrected predictions, increasing
confidence in the mathematical representation provided by the GPM. The discrepancy, taken
as the difference between model predictions and bias-corrected predictions, are plotted in
Figure 9b, for the ten locations of reference data.
To obtain a holistic representation of discrepancy, the root stress and tip displacement
are predicted when the concentrated load is applied anywhere on the blade surface, i.e.
over the entire domain of applicability. When plotted, these predictions form a surface in a
three-dimensional plane, as shown in Figure 10. The volume between the model predictions
before and after bias-correction, henceforth referred to as discrepancy volume, yields a
convenient metric to estimate the level of model incompleteness. The discrepancy volumes
calculated for each blade model are reported in Table 2 for both tip displacement and
root stress.
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Table 2: Discrepancy volume of the blade models
Volume due to tip displacement
Volume due to root stress
0.01953
0.00032
0.01762
0.00073
0.01964
0.00040
0.01954
0.00058

The resulting discrepancy volumes can be used as a convenient metric to quantify the
model form error of the alternative FE models and can be described by the underlying
physics. The most significant effect on the discrepancy volume for the tip displacement occurs
when the orientation of the local axis is modified from the baseline blade, with bi-axial layers,
to Blade 1, with uni-axial layers. Once this assumption is applied, there is a negligible change in
discrepancy volumes of the four alternative models. This behavior can be described by
considering the global stiffness of the blade, which stays consistent for the four alternative
models. In comparison, the degraded physics affects the behavior of the cross-sectional areas,
producing significant changes in the discrepancy volumes produced for the root stress. The
discrepancy volume for the root stress is consistent with the lay-up used in the model (Table 1):
Blades 1 and 3 were modeled using composite cross sections, and Blades 2 and 4 were modeled
using smeared cross sections.

5. QUANTIFYING PREDICTIVE MATURITY OF ALTERNATIVE NUMERICAL MODELS
Recently, a science-based, holistic metric to quantify the predictive capability of simulation
models, the predictive maturity index (PMI) was proposed [38]. The quantitative nature of the
PMI sets it apart from the qualitative methods that have been proposed in the past [39, 40]. In
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this section, we describe our use of PMI to compare the five alternative models introduced in
Section 3.
Many earlier methods considered the goodness of fit of the model predictions to available
test data [39, 40]. However, good fidelity to test data depicts an incomplete picture regarding
the model predictiveness. This is especially true in cases of over-fitting, in which a model may
exhibit a high fidelity to data while producing predictions with low accuracy at untested
settings. Furthermore, it can be shown that the fidelity to available test data and the
predictive capability of a model have an antagonistic relationship [41]. While model form
error, defined in Section 2.2, is capable to quantify the incompleteness of the model, the PMI
goes a step further in quantifying the predictive maturity.
Three aspects of the simulation model are considered when defining the PMI: coverage,
complexity of the model, and the overall level of accuracy. Coverage quantifies how well the
available test data covers the domain of applicability. In this study, the coverage is quantified
by finding the ratio of the convex hull of the reference data to the area of the entire domain of
applicability. Complexity is a measure of the level of detail that is used to model the physics,
quantified by the number of calibration parameters associated with each model. With
everything else equal, if the value used to define complexity increases, the PMI should
decrease. This decrease is because a model with an infinite number of parameters is prone to
over-fitting; it has an excellent ability to reproduce experimental data but no predictive
capability. The overall level of accuracy is quantified using model form error, calculated in the
previous section. Not to be confused with goodness of fit, the overall level of accuracy
considers the differences between the simulated data and reference data that cannot be
accounted for by varying the calibration parameters. The formulation for the PMI as proposed
by Ref. [38] is given below:
PMI = ηc ×

NR
NK

γ1
γ

×(1−δ s ) 2 × e

2
2 γ3 −δ
s
c

(1-η )

(2)

where ηc is the coverage, NR represents the sophistication of the state of the art, NK is the
sophistication of the model that one is assessing, and δs is the measure of goodness of fit [38]. In
Eqn. 2, the γ values are user defined coefficients used to weigh the effects of these
contributions to predictive maturity.
For the five alternative models investigated herein coverage remains constant at 0.4
because the control parameters for the ten reference data points are identical for each blade.
In this study, complexity is quantified by using the number of calibration parameters
associated with each model, as reported in Table 1. The overall level of accuracy is obtained by
scaling the model form error such that the values vary between 0 and 1. Table 3 shows the
values obtained for complexity and overall level of accuracy.
By definition, a PMI of 1 means that the model has perfect predictive maturity, and a PMI
of 0 means that the model has zero predictive maturity. The values of PMI should be used in a
relative sense as a comparison between different codes, not as an absolute value. As seen in
Table 4, the PMI calculated for each model varies significantly, with the highest assigned to
Blade 4 and lowest assigned to Blade 1. This is expected because even though Blade 1 has the
largest number of calibration parameters, there is no realized gain in predictive capability
from the added complexity of the model.
The PMI metric is able to incorporate the trade-offs between the number of parameters
used in each model and the discrepancy bias associated with each model. While a more
sophisticated model generally has the potential to capture the underlying physics principles
better, it cannot be assumed by default that such a model has greater predictive capability.
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Table 3: PMI calculated for each model (γ1 = 0.5 and γ2 = 0.25, and γ3 = 10)
FE model
Complexity
Tip displacement accuracy
Root stress accuracy
Blade 1
0.90
0.391
0.224
Blade 2
0.50
0.352
0.510
Blade 3
0.40
0.393
0.276
Blade 4
0.22
0.391
0.402
Table 4: PMI calculated for each model (γ1 = 0.5 and γ2 = 0.25, and γ3 = 10)
FE model
Tip displacement PMI
Root stress PMI
Blade 1
44.6%
47.2%
Blade 2
60.7%
56.8%
Blade 3
66.8%
69.7%
Blade 4
89.7%
89.3%

It is also important to note that the two smeared FE models, Blades 2 and 4 required 44% less
computation time than the baseline Blade model. The reduction in computational demands
combined with the decreased number of calibration parameters and higher PMI values make
FE models that simplify the modeled cross-sections of wind turbine blades potentially
attractive to implement.

6. CONCLUSIONS
The predictive capabilities associated with alternative modeling strategies are investigated
through a prototype FE model of a 44-meter prototype wind turbine blade. Five alternative
models of wind turbine blades are developed and their predictiveness is compared. The blade
model with highest complexity required 90 calibration parameters, whereas the least
complex model required only 20 calibration parameters. Discrepancy GPMs are compared to
simulated data from the blade models to estimate the discrepancy bias across the entire
domain of applicability.
The initial simplification of rotating composite layers to develop a material cross-section
with composite layers oriented in the same direction is observed to have the greatest effect on
the calculated discrepancy bias. This produced a comparable discrepancy bias estimated for
the four alternative FE models. The blade model with the lowest number of input parameters
was found to have the highest PMI, which can be explained by the fact that increased model
sophistication was not able to provide significant gains in predictiveness.
The quantitative nature of the PMI captures the trade-off between the number of
parameters necessary for each model and the discrepancy bias associated with these models.
Therefore, PMI is useful for comparing alternative modeling strategies and defending the level
of sophistication used in an FE model. Moreover, the PMI would mitigate issues that may arise
from over-fitting because it takes into account the predictive capabilities and not just the
fidelity to test data.
Even though the lack of experimental data is a shortcoming of the present study, the
objective, quantitative and repeatable procedures presented herein are generally applicable
in cases where experimental data is available. Even though only the material cross section is
considered, other commonly applied assumptions that are applied in wind turbine blade
modeling could be investigated. Furthermore, in this study the calibration parameters are
kept at their nominal values; however, the proposed approach is amenable to incorporate
parameter calibration. Even though not emphasized in this manuscript, it should be noted that
a thorough sensitivity analysis of the input parameters should also be carried out prior to
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parameter calibration or bias-correction activities. To reiterate, only the parameters that
have a noticeable influence on the output of interest should be considered during the PMI
calculations.
Using model form error and PMI to create quantifiable metrics for the predictive
capabilities of FE models has the potential to aid in future attempts to model wind turbine
blades by scientifically defending the level of complexity necessary for simulations of wind
turbine blades. Such quantitative metrics are important to the future of modeling and
simulation of wind turbine blades, as the computational cost can be reduced if a less complex
model can be found to adequately model wind turbine blade vibrations.
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