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Abstract

Polynomial surrogates are used to characterize the energy production and lifetime
equivalent fatigue loads for different components of the DTU 10 MW reference wind
turbine under realistic atmospheric conditions. The variability caused by different
turbulent inflow fields are captured by creating independent surrogates for the mean
and standard deviation of each output with respect to the inflow realizations. A global
sensitivity analysis shows that the turbulent inflow realization has a bigger impact on
the total distribution of equivalent fatigue loads than the shear coefficient or yaw miss-
alignment. The methodology presented extends the deterministic power and thrust
coefficient curves to uncertainty models and adds new variables like damage equivalent
fatigue loads in different components of the turbine. These surrogate models can
then be implemented inside other work-flows such as: estimation of the uncertainty in
annual energy production due to wind resource variability and/or robust wind power
plant layout optimization. It can be concluded that it is possible to capture the global
behavior of a modern wind turbine and its uncertainty under realistic inflow conditions
using polynomial response surfaces. The surrogates are a way to obtain power and load
estimation under site specific characteristics without sharing the proprietary aeroelastic
design.

Keywords:  Wind energy, uncertainty quantification, aeroelastic wind turbine model,
annual energy production, lifetime equivalent fatigue loads

1. Introduction

The wind turbine design standard IEC 61400-1 [I] provides wind climate specifica-
tions which are used as a reference for the structural design of the wind turbines. For
achieving type certification of a new turbine model, the designer has to demonstrate
that the structural capacity of the turbine is sufficient for withstanding the reference

Preprint submitted to Renewable Energy July 15, 2017



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

4

42

43

44

45

46

47

48

wind conditions over the entire lifetime of the turbine. Such a demonstration is nor-
mally given by dynamic load simulations which characterize the behavior of the turbine
under the reference wind conditions. Once certification is achieved, the given turbine
model can safely be installed on sites where the wind conditions are identical or more
benign than the reference standard conditions. However, in many occasions one or
more of the parameters describing the site environmental conditions will be outside
the ranges which are sufficiently covered by the IEC reference conditions. In such
cases, it is necessary to estimate the actual loads which the turbine will experience
over its entire lifetime, by considering the full joint distribution of the variables that
describe the turbulent inflow. This is similar to a propagation of uncertainty prob-
lem in which the distribution of the atmospheric conditions on the site needs to be
propagated through the aeroelastic model of the turbine.

If a full design load case setup similar to the IEC 61400-1 design cases is used for that
purpose, the problem quickly becomes time-consuming as new dynamic simulations
would be required for each site. As an example, the number of simulations required to
predict within 1% error the lifetime equivalent fatigue loads on a floating wind turbine
where the inflow conditions (sea/wind) are characterized by five stochastic variables
can reach up to 3,200,000 = 20° using regular grid-based estimates or in the order
of 50,000 using Monte-Carlo (MC) simulation [2]. An approach that alleviates these
issues is mapping the turbine response to different environmental inputs by means of
a fast and accurate surrogate model. Several techniques can be used to predict the
behavior of the turbine from a limited set of model evaluations such as: interpolation
techniques, response surface techniques [3], Gaussian process (Kriging) [4] and machine
learning techniques [5}, [6].

Polynomial chaos expansion is a methodology used to efficiently propagate input
uncertainties through a non-linear model. This methodology consists in building a
polynomial response surface to capture the global dependency of the output as a func-
tion of the uncertain inputs. PCE is widely used in the uncertainty quantification field
because of its simplicity and fast convergence in comparison to a full MC simulation
based on the original model [7, 8 @ 10, 11]. Furthermore, adaptive PCE training al-
gorithms can be used to obtain a sparse surrogate that minimizes the number of terms
that have multiple variable dependency, making the surrogates extremely efficient re-
sponse surfaces in multiple dimensions [12} 13}, [14]. In the case of smooth continuous
models with multiple input variables, sparse polynomial chaos expansion methodology
is the most efficient technique to build the surrogates in terms of the number of model
evaluations required, the number of input dimensions they can handle and the rate of
convergence [12].

One of the main difficulties in building a surrogate of an aeroelastic wind turbine
model is the fact that the turbulent inflow realization (TIR, i.e. turbulent structures
in the flow field) causes variations in the different wind turbine model outputs: such
as power, thrust, fatigue and extreme loads in the different components of the tur-
bine. This can be restated as: an aeroelastic wind turbine model has stochastic/non-
deterministic outputs. Many studies have analyzed the difficulties of studying fatigue



49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

82

83

84

85

86

and extreme loads under different turbulent inflow realizations [15] 16} 17, 4] [3]. Differ-
ent TIR activate different dynamics of the structure and have different control system
responses; therefore are an important source of uncertainty in the prediction of the
outputs of the model [I5]. The high variability in the model response to certain tur-
bulent inflow structures has also been shown to be problematic when MC simulation
was used to predict lifetime averages of fatigue loads on a floating wind turbine [2].

1.1. Response to the problem

The aim of the present study is to demonstrate a method for building a quick and
accurate surrogate of a wind turbine model that predicts the turbine response as a
function of multiple stochastic input variables that describe the turbulent inflow on
a site (x). The surrogate for the turbine model is a set of two independent sparse
polynomial response surfaces that allow to predict the variability caused by different
input variable distributions and by different turbulent inflow field realizations (TIR).
One response surface characterizes the expected output with respect to TIR: Jg(x) ~
Etr(y|x). The other one describes the standard deviation of the output with respect
TIR: ys(x) =~ +/Vrr(y|x); which is a model that predicts the uncertainty in the
turbine response due to different turbulent structures hitting the turbine. Finally, a
sample can be obtained from the normal distribution constructed using the mean and
the standard deviation surrogates in order to make a prediction of the variability in
the output at a given input point:

§(x) ~ Normal (g (x), §s(x)) (1)

The final surrogate §(x) can then be used to obtain distributions of the wind turbine
power and fatigue loads in a given year whose input parameters (wind, wind/sea, or
wind /geological conditions) follow the distribution used to train the surrogate PDF (x).
Since the surrogate is a response surface it can also be used to predict the distribution
of the outputs when the input distributions is close but not exactly the distribution
used for training the surrogate. This setup is considered a multi-leveled uncertainty
propagation and it is the scenario that occurs when there is uncertainty in the param-
eters that characterize the WS distribution for example. This approach is necessary to
estimate the uncertainty in annual energy production and lifetime averaged equivalent
fatigue load.

1.2. Article overview

A general overview of the PCE methodology in multiple dimensions is presented in
section [2} This section describes the Rosenblatt transformation, the design of experi-
ments used to define the training simulation points, the approach used to train sparse
polynomial response surfaces and the logistic transformation used to limit the output.
In section [3| the methodology is then applied to the response of the DTU 10 MW ref-
erence wind turbine HAWC2 model [18] to turbulent inflow fields characterized by four
input parameters. The four input parameters are the 10-min averaged hub height wind
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speed (WS), the turbulent standard deviation of the instantaneous wind speed in the
streamwise component (oy), the shear exponent («) and the yaw misalignment angle
(7). A study of how many independent realizations of the turbulent inflow field are
required to achieve a certain error tolerance in the surrogate is presented in the section
3.7 Finally in section [3.8] the surrogates are used in an example of prediction of the
uncertainty in the annual energy production and the uncertainty in lifetime averaged
equivalent fatigue loads.

2. Methods

This article proposes the use of two different variable transformations to simplify
the polynomial response surface fitting problem, see figure The first transforma-
tion is the Rosenblatt transformation [19], which is used to de-correlate the set of
D input variables x = (xg,x1,...xp_1) into a set of independent uniform variables,
w = (wp, w1, ... wp_1). The second transformation is a logistic transformation, and it
is used to enforce constraints on the polynomial surrogates [20]. This transformation
enables the use of polynomial surrogates in problems where the output has a minimum
and /or maximum value. Without the logistic transformation the polynomial surrogates
will present oscillations in the regions where the model has a constant output. The
power production of a turbine is an example of a variable with a strict upper constraint
corresponding to the rated power.

Correlated Uniform Overlimited Correlated

. . PCE isti
inputs - Rosenblat_t =» independent —p- ~ = outputs  =p- Log|st|c_ =»  outputs

PDF(x) {ransformation, PDF(w) e, PDF(z) Lansformation PDF(y)

Figure 1: Transformation of variables to build efficient polynomial response surface.

2.1. 1D PCE theory

Consider a model with a single uncertain input (z) and a single output (y). PCE
consists of defining a polynomial family that is orthogonal with respect to the input
distribution, PDF(z). Orthogonal polynomial families with respect to the most im-
portant distributions are well known, see table [, For details on how to define new
polynomial basis to an arbitrary input distributions refer to Gautschi et al [21].

Distribution Polynomial Family

Uniform Legendre
Normal Hermite
Exponential Laguerre

Table 1: Classical orthogonal polynomial families.

The orthogonal polynomials are used to build a polynomial approximation of the
output, i.e. a polynomial response surface, see equation . Where, ¢;(z) is the [
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order orthogonal polynomial, ¢; is its correspondent coefficient and M represents the
truncation order of the PCE.

y(x) ~ glx) =D adi(x) (2)

There are two different approaches to determine the ¢; coefficients:

Semi-Spectral projection consists in using quadrature rules to approximate the in-
ner product definition of the coefficient, see equation |3l Many quadrature rules exist
to approximate the integrals; but all quadrature rules give N,, nodes for model evalu-
ation (x;) and their corresponding weights (w;). Gaussian quadrature rules are widely
used because they are accurate for smooth function integration with respect a weight
function, in this case the PDF(x), see equation

o= (00 = [ 9(e) 61(a) PDF (@) do 2 Y ry() () ®)

In general, semi-spectral projection is an efficient method for low number of input
dimensions, but the number of model evaluations required grows exponentially with
the number of dimensions. Additionally, quadrature rules can be unstable for heavy
tailed PDFs such as the Weibull distribution [21].

Point collocation consists in fitting the polynomial basis to a small sample of model
evaluations. Traditionally, this fit can be done using least squares algorithm, but some
other optimization algorithms can be used to obtain PCE approximations that mini-
mize the number of terms in the surrogate [12], 13, 14]. This techniques are explained in
the section [2.5] In general, point collocation is robust and the advanced optimization
algorithms are designed to handle large number of dimensions, to avoid over-fitting
and to achieve sparsity in the final surrogate. The present study focuses only in the
point collocation techniques since the number of model evaluations required to fit a
multiple dimensional PCE is smaller [I2] than in other methods.

2.2. Rosenblatt transformation

To build the PCE of a model with multiple correlated inputs (x), it is required to
initially transform the correlated input space into an uncorrelated space (w = R™1(x)).
In this article, the Rosenblatt transformation is used because the input distribution of
the turbulent inflow field parameters are usually defined in a sequence of conditional
relationships [19]. Refer to Dimitrov et al [22] and Graf et al [2] for examples of
such distributions used for offshore and floating wind turbine fatigue and extreme load
analysis.

Since all the variables are transformed into uncorrelated unitary uniform variables
then the PCE only requires the use of the Legendre polynomials: y(x) = y(R(w)) ~

g(w).
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2.8. Multi-dimensional PCE

A D-dimensional polynomial is constructed as the sum of the product between
individual one dimensional polynomials for each of the D uniform input variables,

w = [wp,...,wp_1]. The D-dimensional surrogate is written using a set of multiple
indexes Z C NP. An element J € Z contains the order of the polynomial in each
dimension: J = [ly,...,lp_1]. Additionally, the multiple indexes are enumerated,

J <> j € N. A surrogate that contains N, terms can be written as:

) = y(Rw)) = 3 ¢ ,(w) ()

where an element in the multidimensional polynomial basis is given as:

b;(W) = dio(wo) X -+ X dup,_, (Wpa) (5)

2.4. Training point selection

The Rosenblatt transformation enables the use of multiple variance reduction MC
sampling techniques to define the training points of a surrogate [23]. Latin hypercube
sampling [24], Sobol sequence [25] and Hammersley sequence [26] are some examples of
such techniques. These techniques are designed to sample from the unitary hypercube
of D dimensions, i.e. the uniform distributed variables: w; ~ PDF(w). Finally, the
Rosenblatt transformation is used to transform each realization in the uniform sample
into the correlated input space, x; = R(w;) ~ PDF(x).

The number of unknown coefficients ¢; in a D-dimensional PCE depends of the
total polynomial order of the PCE. The total order is defined as the maximum sum
of the one dimensional orders. If the PCE is truncated to a total order M then the
number of unknown coefficients is given by the following combination:

M+D\ (M+D)
ve=("0") =S R

The number of model evaluations should be between 2 or 3 times the number of
unknowns in order to have extra data to test the accuracy of the surrogate and to
implement strategies to avoid over-fitting [I2]. Note that the maximum order is only
used to estimate the number of model evaluations. Advanced regression techniques
allow to explore higher order terms [14, [12]. The maximum order M can be increased
in order to achieve higher accuracy surrogates but at the cost of having more model
evaluations and the requirement of assuring that there is no over-fitting.

2.5. Point collocation and the LASSO problem

The least absolute shrinkage and selection operator (LASSO) problem is a modified
least squares optimization problem that adds a term that penalizes the amount of active
terms in the surrogate (terms with non zero coefficients). LASSO is used to achieve
sparsity and to avoid over fitting in the polynomial surrogate. Additionally, the number
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of model evaluations required for solving the LASSO problem is smaller in comparison
to a least squares regression that has the same maximum total polynomial order [12].

A LASSO problem can be described as finding the set of coefficients ¢; that mini-
mizes the sum of squared errors plus the sum of the absolute values of all coefficients
(¢; norm regularization term) [14]:

N-1 [Ne—1 2 Nl
min - 3|7 eeywo) —ux) | +a Y ol )
! i=0 L j=0 7=0

where the number of model/surrogate evaluation points N is fixed. Note that the
input and surrogate evaluation points are related by the Rosenblatt transformation
x; = R(w;). The maximum number of possible terms of the surrogate N, is fixed by
selecting a maximum total multi-dimensional polynomial order.

The regularization coefficient « controls the amount of active terms in the final
solution. Smaller values allow to have more active terms while larger values will prefer
final surrogates with few active terms. A sparse surrogate has the advantage of making
the evaluation of the multi-dimensional surrogate faster in comparison to the full least
squares solution; this advantage becomes critical in high number of input dimensions.

There are two algorithms widely used to solve the LASSO problem: coordinate
descent [14] and least angle regression (LAR) [12]. Coordinate decent is used in the
present work because it tends to be more stable for high dimensional problems [I3]. The
reason for this is that coordinate descent operates on a given regularization coefficient
instead of exploring the full space of a’s as in LAR algorithm.

Cross-validation is used to select the regularization coefficient o that minimizes
over fitting of the data. A k-fold cross-validation consists in splitting the dataset into
k groups of data. All the points in k-1 groups are used for training and the remaining
group is used for cross-validation. This means that the surrogate fitted using k-1
groups is used to predict the output in each of the elements of the remaining group.
The mean squared error of the prediction of the surrogate is then computed. This
process is repeated leaving out each individual fold and for multiple regularization
parameters. The regularization parameter that gives the lowest mean cross-validation
mean squared errors is then selected to train the whole dataset. This translates as
selecting the sparse model that performs the best by predicting missing data, i.e. that
has less over-fitting.

2.6. Logistic transformation

A logistic transformation is applied to an output of the model in order to avoid
oscillations in the regions where the model is constant. In practice this transformation
is used to impose strict restrictions on the polynomial surrogates. The transformation

consists in applying the logit function, L(p) = In (ﬁ), to the model output at the

training points y; = y(x;) into the over-shooting variable space: z; = L(a; y; + ag)
[20]. Finally, each time the surrogate is evaluated, the prediction of the surrogate is
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transformed back to the original output space § = (L™'(2) — ag)/a;. The constants of
the transformation are calibrated in order to impose the constraints of the output and
to avoid numerical instabilities that are inherent to the logit function.

2.7. Global sensitivity analysis

Global sensitivity analysis (SA) is a methodology to determine how important each
input is to explain the variance of the output. SA can be obtained with a Sobol variance
decomposition [27]. In this technique, the variance of the output is explained into the
different terms of variance of each of the inputs, in a process similar to the analysis
of the variance of experiments (ANOVA) [28]. Total effect Sobol indices are widely
used as measures of how much of the variance of a given output is explained by the
variance of an input, including possible interactions with other variables. This method
is the most recognized method for global sensitivity analysis because it accounts for
non-linear dependencies and for interactions between variables [29].

Variance decomposition can be expressed as the sum of the variance of the marginal
expected value of a subset of input variables, see equation [§ Note that this decom-
position is not an infinite series expansion, it is truncated to the maximum number of
variable interactions.

D—1D-1 D—-1D—-1D-1
ka+zzvkl+zzzvklm -+ Vo.po1
k=0 >k k=0 >k m>l
Vi =V (Bynzr (M(x]21))) (8)

V=V (]EVn;zék,l (M(X|l‘k, Oﬁz)))
Viim =V (Evpsr 1.m (M(X| 2k, 21, T1m)))

The global sensitivity measure is defined by normalizing eq. 8 with the total vari-
ance of the output V(y). From this normalization one can define the Sobol index of a
given degree of interaction between input variables as:

Vk Vkl Vk:lm

Sk = 7 Skl = W Sklm = W (9)

The total effect Sobol index of an input variable z; is then the sum of all the Sobol
indices that include the variable in any interaction:

D-1

Stotalmi - Sz + Z Szk + ... (10)
=
The sensitivity analysis of the response of the turbine should consider the effect
of having different turbulent inflow realizations which is modeled with the two inde-
pendent polynomial response surfaces for the local mean and local standard deviation.

The Sobol indexes are not computed directly from the PCE coefficients as for classi-
cal problems, see Sudret et al [30], because the Logistic transformation removes the
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stochastic properties of the PCE and because the coefficients of the local mean sur-
rogate would not include the effect of the turbulence inflow realization. To solve this
limitation, the approximate method proposed in Saltelli et. al [29] is used to compute
the total effect Sobol indexes. This approach estimates the total effect Sobol indexes
from a large MC simulation.

3. Results

3.1. Implementation

Several open source implementations of PCE methods are available such as: Chaospy
[23], Dakota [31], UQLab [32] and OpenTurns [33]. In the present work we use Chaospy
because of its implementation of the Rosenblatt transformation. Additionally, the
present work uses the LASSO problem solvers [I4] and the cross-validation capabilities
available in the open source library Scikit-learn [I3]. These capabilities are used in-
side of Chaospy for general users and are used externally in the present study to gain
control over the different stages of the cross-validation.

3.2. Case description

The model consists of the DTU 10 MW reference wind turbine HAWC2 model
[34, 18] with Mann turbulent inflow generation [35]. The turbulent inflow conditions
are defined using the four variables described in table [2]

Input Variable Distribution Parameters

10-min mean hub height 2o = WS  Rayleigh E(WS) =10 m/s
wind speed

Std. of the inst. wind speed
in the streamwise direction 21 =07 Lognormal p, (WS) o, (WS)
during the 10-min simulation

10-min mean shear exponent  zs =« Normal Ha(WS) 0 (WS)

10-min mean yaw miss-align. x5 =~ Normal py =0 0, =2>5deg.

Table 2: Wind turbine model inputs.

The dependency between WS and o7 is defined in the Normal Turbulence Model
described in the IEC 61400-1 [I]. The present case uses a reference ambient turbulence
intensity of a site Class 1A: Tl = 0.16. This dependency is given by the local statis-
tical moments of oy as: E(01|WS) = TLet (0.75WS + 3.8) and V(0,|WS) = (1.4 TLs)?.

The parameters of the o distribution are given in equation [11] as functions of WS.

Ooy = (ln (% + 1))1/2 - (1“ ((0.75V\1754ir 38 1))1/2 (11)

2 2

fioy = 1n (B(1[WS)) = 72 = In (TLes (0.75WS + 3.8)) — 2
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The correlation between o and WS is based on the simplified joint distribution
defined by Dimitrov et al [22]:

o = 0.088(In(WS) — 1)

0o = 1/WS (12)

Seven different model outputs are considered (y), see table . The damage equiva-
lent fatigue loads (EFL) are computed using a rainflow counting algorithm to determine
the number of load cycles n; with their corresponding load range .S; in the 10-min time
series of turbine response. The EFL is then obtained using different materials” Wohler
exponent m, see equation (13| [36]. For obtaining 1Hz-equivalent fatigue loads based on
10 minute reference periods, the reference number of load cycles used is Nt = 600.

G - (M)* (13)

N, ref

Output m  Variable
10 minute mean power production - P

10 minute mean thrust coefficient - cT
EFL blade root flapwise bending moment 12 BRF
EFL tower bottom fore-aft bending moment 4 TBF
EFL tower bottom sidewise bending moment 4 TBS
EFL tower top tilt bending moment 4 TTT
EFL tower top yaw bending moment 4 TTY

Table 3: Wind turbine model outputs.

3.8. Training points

In this study, the number of model evaluations are set to be N = 2 N,, the max-
imum order of the polynomial is expected to be M = 4 and the number of input
variables is D = 4. This leads to 140 total number of model evaluations, i.e. 140 input
variables locations for which HAWC2 model is executed, see equation [0, A Hammer-
sley sequence [26] is preferred over other variance reduction methods to generate the
training sample in the uniform space as it is a sequence that can be extended to contain
larger sample size without changing the previous points [23] B7]. The uniform sample
is then transformed into the physical variables using the Rossenblat transformation. A
similar approach is used to generate the input sample for a MC simulation on either
the real model or the surrogate models; the size of the MC sample is taken to be 80000.
The training input sample is shown in figure [2| as well as a the inputs sample for the
MC simulation. figure [2|is a representation of the multidimensional PDF(x): the his-
tograms represent the marginal distributions for each variable, while the plots in the
lower diagonal represent the training points and bi-dimensional histograms of the MC
sample. The figures in the lower diagonal show the correlations between each pairs of
variables as well as the iso-pdf quantiles that enclose 68%, 95% and 99.7% of the data.

10
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It can be observed that the training points are more densely distributed in the regions
of higher probability of the inputs. This means that the surrogate is better trained
in the most likely region of the input space. For applications where the quantity of
interest is the tail of the output distribution, such as ultimate load estimation, the
training dataset could be distributed uniformly over the region encircled by a given
iso-pdf quantile of the inputs, see iso-PDF contours in figure [2l 100 different turbulent
inflow realizations are generated using the Mann model for each input point, for which
the mean and standard deviation of the outputs are obtained. This number is selected
to test the accuracy of the prediction of the surrogates when they are trained using a
reduced number of TIR as it is defined in the design load cases defined in the standard
[1]. The full training sample consists of 140 x 100 HAWC2 10 minutes simulations.

;L

/
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Figure 2: (Black points) Training dataset in the inputs: 140 Hammersley sequence sample of input
joint distribution. (Histogram colored hex-bins) 80000 Hammersley sequence MC sample. (Contour
lines) Iso-PDF lines that encircle 68%, 95% and 99.7% of the MC sample.

3.4. Example of PCE surrogates for individual statistical moments
Some examples of the distribution of yg and yg El are shown in figure In this
figure the black points represent the observed statistic of the output for the training

1 Ps represents the standard deviation of 100 different realizations of the 10-min averaged power;
this variable should not be confused with the standard deviation of the instantaneous power during
the 10 minutes of simulation.
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points; while the bi-dimensional histogram represents the obtained distribution of the
surrogate for a 80000 MC sample. The observed histogram in the training dataset and
the PDF predicted by the surrogate for yg and ys are shown in the last column in
figure [3] It can be observed that the surrogates accurately capture the global PDF of
the model and its dependency with respect to the 4 input variables. The surrogates of
the local standard deviations, ¥s, are not able to capture the behavior of some extreme
cases, see the extreme points at low wind speeds in the plots for CTs and BRFg. These
errors are small in comparison to the overall magnitude of the output; the distribution
of the errors of the surrogates and its impact in the final prediction are quantified in
section [3.7 These errors can be reduced up to a tolerance level selected by the user
by adding more training points (input points with their turbulent inflow realizations).
The surrogates are robust enough to predict the frequency of occurrence of extreme
values such as the outputs resulting from the input point with largest o4, see first and
third row in figure [3] This point seems to be outside the main trend in WS in figure
because it has a large o1 and « given its WS, see figure [2]

3.5. Final surrogate predictions

The surrogates of yg and ys are combined to estimate the distribution of each indi-
vidual output of the DTU 10 MW RWT. The prediction is done by sampling the normal
distribution constructed using the surrogates of yg and ys, see equation [I These re-
sults are presented in figure [4] along with the full dataset of HAWC2 simulations. In
this figure each cross represents an individual 10-min simulation, therefore the scatter
of nearby simulations illustrates the stochasticity in the output of the aeroelastic sim-
ulation. The amount of local output variability due to the turbulent inflow realization
varies between outputs and depends on the region of the input space. The effect of the
turbulent inflow realization is more important for the fatigue loads than for power and
thrust coefficient. figure 4| also presents the bi-dimensional histogram obtained with
a 80000 MC simulation of the surrogate. The distribution predicted by the surrogate
captures the dependency and variability of each output with respect to the four input
variables; the iso-PDF quantiles that encircle the 68%, 95% and 99.7% of the MC
sample are also shown in figure 4] and they give a visual estimation of how likely are
the observations of the output. It can be observed that the surrogate estimates the
regions that contribute more on the lifetime fatigue and even gives an estimation of
the input region on which the largest damage is to be expected. Additionally the MC
simulation on the surrogate gives an estimation of the PDF for each variable, see fifth
column in figure [}

The obtained distribution of power shows a similar behaviour to the operational
data of wind turbines; this shows that one of the main drivers for variability in the
prediction of power below rated is the TIR. Similarly, the thrust coefficient shows large
variability for wind speeds below rated; this large variability can become important
for wake models that use the thrust coefficient to predict the strength of the wake of a
turbine and its impact on other turbines in a wind farm. The fatigue load blade root
and tower top bending moments (BRF, TTT and TTY) show similar dependency on
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Figure 3: Example of surrogates for mean and std of the output with respect TIR. (Black points) 140
training points. (Histogram colored hex-bins) 80000 MC simulation on the surrogate. (Contour lines)
Iso-PDF lines that encircle 68%, 95% and 99.7% of the MC simulation on the surrogate.

the four input variables and a similar amount of variability due to TIR; this is because
they are all driven by the streamwise flow field. The fatigue loads tower bottom bending
moments (TBF and TBS) show a different dependency on the input variables, mainly
because they are driven by the thrust and sidewise forces; these two outputs have larger
variability at lower WS which generates both the largest and lowest observations.

3.6. Sensitivity analysis

The global sensitivity analysis (SA) for the outputs are presented in table |4, The
total effect Sobol indexes are computed using the approximation presented by Saltelli
et al [29]. The total effect Sobol index represents the non-linear influence of the input
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Figure 4: (Black crosses) 10-min HAWC?2 simulation for the 140 input sample x 100 turbulent inflow
realizations. (Histogram colored hex-bins) 80000 MC simulation of the surrogate. (Contour lines)
Iso-PDF lines that encircle 68%, 95% and 99.7% of the MC simulation on the surrogate.
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variable in the total variance of the output. Most of the outputs have a large total
Sobol index for the wind speed. WS is clearly the main variable to explain the power
and loads in a wind turbine. The SA shows that the power and thrust coefficient can
be explained almost fully by the WS, since all the terms in the surrogate have WS
dependency.

The variance introduced by the turbulent inflow realization is an important com-
ponent for all the outputs, it has a higher influence than o, for most outputs. This
counter intuitive result is due to the large amount of correlation between WS and oy;
thus a large fraction of the variance of the output generated by o; is already explained
by WS. The shear and yaw have reduced effects over most output variables. The
yaw misalignment has reduced total effect because its assumed distribution is centered
around zero. The shear exponent becomes important only for capturing the fatigue at
the tower top tilt and yaw bending moments (TTT, TTY); while the yaw misalign-
ment becomes important for modeling the fatigue at the tower bottom fore-aft moment
(TBF).

WS o1 « 5 TIR

P 1.0 24x107* 31x10™* 81x10™° 3.1x1073
1st 4th 3rd 5th 2nd

CT [99x107! 12x107% 1.3x107% 6.5x107* 9.8x 1073
1st 3rd 4th 5th 2nd

BRF | 88 x 107" 56x1072 1.5x1072 3.4 x107% 6.7x 1072
1st 3rd 4th 5th 2nd

TBF | 5.9%x 107" 21x 107" 36x10™* 1.0x 107 3.0 x 107!
1st 3rd 5th 4th 2nd

TBS | 7.1 x 107! 7.6x 1072 2.1x107% 23x107™* 3.0 x 107!

1st 3rd 5th 4th 2nd
TTT | 8.7x 107" 7.1x1072 33x107* 57x10™* 7.7x 1072
1st 3rd 5th 4th 2nd

TTY [ 87x 1071 68x 1072 22x107* 9.6 x107™* 7.2x 1072
1st 3rd 5th 4th 2nd

Table 4: Total influence Sobol index.

The sensitivity analysis conditioned on WS for the outputs are presented in table [5
It can be observed that for power and thrust coefficient the influence of TIR goes from
being the main source of variability at WS below rated to become the least important
for WS above rated; this result summarizes the influence of the pitch controller enforc-
ing the power and limiting the thrust. The effect of TIR in the fatigue loads is more
uniform through all the ranges of operation. Similarly to the global SA | the main
variables required to explain the equivalent fatigue loads are TIR and o. This is also
true for the power and thrust coefficient for WS bellow rated.

3.7. Convergence

A leave-one-out cross-validation (LOO) is done to estimate the distribution of the
prediction error of each surrogate as a function of the number of independent turbulent
seeds per input points used in the surrogate training. A LOO is a cross validation
in which the surrogate is trained leaving one point out. Then, the local statistical
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WS=8 ms~! WS=12 ms~t WS=16 ms~t

oy «a ¥ TIR oy « ¥ TIR oy « ¥ TIR

P |[11x107" 14x107" 28x 1072 7.9x 107! | 78x 1072 3.7x 1072 25x 1072 98x 107! 3.0 1.6 3.7 9.7x 107"
3rd 2nd 4th 1st 2nd 3rd 4th 1st 2nd 3rd 1st 4th

CT |51x1072 1.I1x107" 3.7x1072 86x107' |24 x 1077 21 x 107" 1.5x 107" 64x 107! | 6.1 x 1077 4.3 x 107" 3.3 x 107" 2.0 x 107"
3rd 2nd 4th 1st 2nd 3rd 4th 1st 1st 2nd 3th 4th

BRF |48 x107! 33x1072 1.1x1072 50x 107" |39x107! 1.0x 107" 92x107% 51x107' |35x107! 1.8x 107! 2.7x 1072 4.6x 107"
2nd 3rd 4th 1st 2nd 3rd 4th 1st 2nd 3rd 4th 1st

TBF | 3.7x 107! 46x107* 19x107% 65x 107" [5.6x 107" 21x107% 1.9x 1073 45x 107! |52 x 107! 3.6x107* 4.0x 107% 4.8 x 107!
2nd 4th 3rd 1st 1st 3rd 4th 2nd 1st 4th 3rd 2nd

TBS | 1.9x 107" 32x 1072 68 x107* 83 x 1071 |24x 107" 87x107* 1.7x107% 78x107'|22x 107" 14x107% 15x107% 7.9x 107}
2nd 3rd 4th 1st 2nd 4th 3rd 1st 2nd 4th 3rd 1st

TTT | 56 x 1077 22x 1072 4.0x 1073 45x 107! | 4.6 x 1077 1.3x 107% 3.6x107% 55x 107! | 4.6 x 1077 25 x 1073 3.5x 1073 54 x 107!
1st 3rd 4th 2nd 2nd 4th 3rd 1st 2nd 4th 3rd 1st

TTY | 53x 1071 1.9x 107 1.9x107° 48 x 1071 | 46x 1071 56x 107 45x107° 55x 1071 | 47x 1071 1.7x 107 12x1072 53x 107!
1st 3rd 4th 2nd 2nd 4th 3rd 1st 2nd 4th 3rd 1st

Table 5: Total influence Sobol index at different WS.

moments of the output predicted by the surrogates at the missing point are compared
against the statistics computed using the surrogate. In this article, the prediction
errors are normalized with respect to the maximum scale of the output variable, which
means that the errors represent the fraction of the total scale that should be considered
as an extra uncertainty due to the inadequacy of the surrogate. The prediction error
for the local surrogates are defined as:

Ye(XLo) — Je(XL0)

wE= max(y)
~ ys(xwo) — Us(xr0) (14)
Eyg
max(y)

The convergence of the prediction error of the statistical moments is shown in figure
Bl It can be seen that all the prediction errors tend to be distributed around zero and
their standard deviations converge as the number of turbulent inflow realizations per
input are increased. The errors converge to the distribution of the errors to the current
surrogate. New input points need to be added to the training data set in order to further
narrow the converged distribution of surrogate errors. In this figure the outliers are the
extreme cases of selecting seeds with similar outputs, therefore, they are those cases
that have large errors in the statistical moments. Finally, the converged distribution
can be used to estimate the uncertainty in the final prediction of the output as:

7(x) ~ Normal(yg(x) + ;g maz(y), ys(x) + €,s maz(y)) (15)

where the errors of the surrogates can be sampled from the distribution predicted using
LOO cross validation, see figure [5}

eyr ~ Normal(E(eyr), S(eyr)) €ys ~ Normal(E(e,s), S(€ys)) (16)
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Figure 5: Convergence of the LOO cross-validation prediction error as a function of the number of
turbulent seeds per input point used in PCE training. (Pink area) One standard deviation confidence
interval around the mean E(e) £ S(e).

3.8. Exzample of using the surrogates for the estimation of the uncertainty in annual
enerqy production and lifetime equivalent fatigue loads

This section presents an example to illustrate the use of the surrogates of the
DTU 10 MW RWT to estimate the uncertainty in the distribution of expected energy
production and of equivalent fatigue loads Ex(y) in a given period; here the averaging
period is either 1 year or 20 years. In this example a single turbine is planned to operate
in a location from which the uncertainty in the wind resources has been estimated
before hand. This uncertainty can represent the year-to-year variability, the effect of
the long-term correction, uncertainty in the wind resources assessment tool, among
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other sources of uncertainty. The propagation of uncertainty is done in two steps as
described in figure [6l The inner level predicts the distribution of the turbine outputs
PDF(y) given a joint distribution of the turbulent inflow parameters PDF(x); the
inner level returns the expected value of the output to the outer level. In the outer
level the uncertainty in the resources is propagated through the inner level to estimate
the uncertainty of the expected value of each output.

/ AEP and Lifetime EFL Model

Uncertainty in

Joint distribution e
Joint distribution AEP and E,.(y)

PDF(y)

Uncertainty in

the wind resources C

Surrogate

Figure 6: 2 levels of propagation of uncertainty.

The distribution of the variability of the wind resources is presented in table[6] The
main difference with the distribution used for training the surrogates is the fact that the
WS follows a Weibull distribution with uncertain shape and scale parameters. This dis-
tribution of the Weibull parameters is used to characterize the variability /uncertainty
in the wind resources. Nevertheless, the conditional distributions of oy, o and v with
respect WS follow the same dependency described in table

Variable Distribution Parameters 12
A Normal ua=9 o4=05m/s "
k Normal g =2 o, =0.1 g 1::
2o = WS Weibull scale= A shape=k < 8
x1 =01 Lognormal  p, (WS) 05, (WS) !
zp=a  Normal  pa(WS)  0a(WS) 61.4 16 1.8 2.0 2.2 2.4 2.6
T3 =1y Normal ty =0 0, =5 deg. k

Figure 7: Joint distribution of the Weibull param-
Table 6: Uncertainty in wind resources. eters and semi-spectral projection nodes for outer
level propagation of uncertainty.

The propagation of uncertainty in the outer level is done using both a 1000 MC
sample and a PCE with semi-spectral projection, for which a total of 25 Weibull pa-
rameters nodes are evaluated with their corresponding Gaussian quadrature weights,
see figure [7] and equation 3l Each node or element of the outer level MC sample rep-
resents a realization of the wind resources in a given year. For each of these nodes,
a large inner level sample of the inputs of the surrogate, x = [WS, 01, o, 7], is gener-
ated. The size of the inner level MC sample is the number of 10-min cases in a year,
365 x 24 x 6 = 52,560 cases. The power and EFL are evaluated using the surrogate
and the mean power and mean EFL for a given year are calculated Ex(y). Note that
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the definition of the lifetime damage equivalent fatigue load (see eq. requires to
take the average of the individual 10-min EFL to the Wohler exponent, which trans-
lates in taking a higher order statistical moment: Ey(y™). Each individual surrogate
evaluation has its own realization of the local distribution of the outputs due to the
turbulence inflow realization, see equation [I} Additionally, the effect of the errors of
the surrogate are considered, by sampling the distribution of the errors for each eval-
uation of the outputs, see equation There are no differences in the distributions of
Ex(y) obtained using the surrogate or the ones obtained including the uncertainty of
the surrogate due to the large sample size of the inner level (52,560); this means that
the errors of the surrogate cancel out when computing their mean on a given year.

A 1000 MC sample of the distribution of one year Ey(y) is generated using the
PCE of the outer level in order to have an equivalent database of 1000 years as the one
obtained in the outer MC simulation. A bootstrap of the outer level sample is used to
estimate the variation in the expected value during 20 years of operation. This means
that the average of 20 randomly selected years is computed for several realizations of
20 years. The central limit theorem is also used to estimate the distribution of the
average of 20 randomly selected (independent) years. The distributions of the 1 year
and 20 years capacity factor and of lifetime equivalent fatigue loads are presented in
figure It can be observed how the 20-year-averaged distribution has a narrower
distribution, oagy, = 014/ v/20. Note that the yearly distribution of average output is
required in order to estimate the uncertainty in the 20-year-averaged output. In this
example coefficient of variations (CoV = o/u) of 5.6% for the scale parameter (A) and
5.0% for the shape parameter (k) of the WS Weibull distribution give a coefficient of
variation of 2.4% in AEP and a 9.5% in year-to-year expected power production. The
coefficient of variation in the 20-year damage equivalent BRF is 8.0% while the CoV of
the year-to-year damage equivalent BRF is 35.0%. The CoV for the TBF are 1.0% for
the 20-year damage equivalent load and 4.0% for the year-to-year variation. Note that
this coefficients of variations will be modified if the correlation between the WS and the
other turbulent inflow parameters changes from year to year. It is important to realize
that the distribution for the year-year equivalent damage BRF is skewed due to the
large Wohler exponent of the composite blades used in this study (12). Nevertheless,
the lifetime equivalent damage BRF' converges to a Normal distribution which can be
estimated from the mean and variance of the PCE of the yearly distribution.

4. Discussion

The present article presents a methodology to implement sparse polynomial sur-
rogates for aeroelastic wind turbine models. PCE are widely used in the uncertainty
quantification field due to their efficiency to compute the statistical properties of the
output and because the sensitivity analysis is obtained without any additional effort.
The main two limitations in the use of PCE for wind energy are: (1) The input at-
mospheric parameters are usually jointly distributed with several layers of dependency
(2) Some of the output have discontinuities and/or are restricted to certain values (e.g.
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Figure 8: Distribution of the capacity factor and of the expected BRF and TBF equivalent loads.
(Red) Normal distribution with the mean and variance predicted with the PCE distribution of the 1
year expected output. (Orange) 1000 MC sample of the 1 year expected output. (Black) Central limit
distribution of 20-year-averaged output. (Purple) 1000 Bootstraps of the 20-year-averaged output.

only positive). The present article has shown how to solve these two problems: the im-
plementation of an iso-probabilistic transformation to de-correlate the inputs, and the
use of a logistic transformation to implement restrictions on the outputs. The benefits
of using the logistic transformation can be seen in figure [, note that the polynomial
surrogates do not present oscillations in the constant regions.

The final surrogate can be used to generate an output sample that covers the full
output space, and that will predict the general details of the distributions of the out-
puts. One of the main limitations of the present surrogates is that the local distribution
of the output is assumed to be normal, this is not the case for the operating region
close to rated wind speed. Since this assumption only affects the turbulent inflow real-
ization, it is considered to be an acceptable approximation. The local distributions of
most outputs are not normal in reality, because the wind turbine controller has different
strategies in each operating region, which creates skewness in the local distributions.

The results presented in this article show that there are multiple dependencies be-
tween the input variables as well as between inputs and outputs. Such complicated
inter-dependencies are difficult to capture when applying other methods such as inter-
polation or Gaussian processes. For example, advanced interpolation methods such as
radial basis functions will not account for the likelihood of an extreme training point
and will generate trends that always pass through all the model observations. This be-
havior penalizes the capacity of the surrogate to generalize and to predict the output in
new conditions. The sparse PCE are ideal for this class of problems because the k-fold
cross validation is a step inside the training. Additionally, the correlations between the
outputs are fully captured when using the presented surrogates; this occurs because
each of the outputs has a dependency on the inputs. The full pair plot of the training
dataset and the resulting surrogate for all inputs and outputs is presented in the extra
material accompanying this article.

The final results presented in figures 4] and [§| show a promising new approach to
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communicate the performance characteristics of a wind turbine between the turbine
manufacturers and project developers. The wind turbine producers normally do not
share the detailed structural and aerodynamic model information of their products
due to intellectual property concerns. As a result, often the wind project planners
and operators do not have the full information about the expected performance of a
turbine at the site they are developing. Furthermore, typically there is no model for
the uncertainty of the turbine performance. A possible application of the multiple
polynomial surrogates of a wind turbine could involve fitting the model by the manu-
facturer, and consequent distribution of the surrogate to users and clients. With this
approach, project developers could get a useful tool for assessing site feasibility includ-
ing uncertainty estimation, while not requiring access to detailed engineering models.
Consequently, the use of more refined site assessment can potentially lead to improved
overall estimation of levelized cost of energy and its uncertainty.

Obtaining the PDF(P) and PDF(EF L) is useful as they can be used for uncertainty
estimation of the levelized cost of energy on a yearly basis. The surrogates can be
evaluated on a long time series of the local wind resources (in multiple variables) such
as the ones predicted by Weather Research and Forecasting (WRF) models without
considerable extra computational effort. The power surrogate can then predict the
annual variation of energy production while the EFL can be used to estimate the
operation and maintenance costs. Such a probabilistic output can be the input to a
decision support tool.

A surrogate of the DTU 10 MW RWT within a 4-dimensional turbulent inflow
parameter space can be built using only 140 input cases (with multiple turbulent
inflow realizations per case) and can be used to predict the distribution of the power,
thrust coefficient and equivalent fatigue loads on the turbine. In contrast, traditional
approaches require in the order of 20* gridsearch/interpolation (full factorial design
with 20 points per dimension) or 10° — 10¢ MC sample of the inputs with variance
reduction [22]. Furthermore, the present approach enables to build an uncertainty
model around the 10 minutes performance of the turbine that captures the effect of
the turbulent inflow realization.

The combined PCE surrogate approach can also be used to improve traditional
designs in which a conservative scenario for shear and turbulence intensity is consid-
ered. The fast evaluation of the joint probability distributions for loads based on the
surrogate model opens possibilities for performing structural reliability analysis and
probability based design.

5. Conclusions

In the present study, a polynomial surrogate model of wind turbine fatigue loads
and energy output was defined and demonstrated for the DTU 10 MW reference wind
turbine. Using only 140 input cases was found to be sufficient for building a surrogate
of the DTU 10MW model within a 4-dimensional turbulent inflow parameter space.
The presented approach was demonstrated as an efficient alternative of the traditional
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techniques for characterizing the global behavior of an aeroelastic wind turbine model
under multiple uncertain turbulent inflow parameters.

The surrogate has enabled us to perform a global sensitivity analysis on the DTU 10
MW turbine. This study showed that the hub height wind speed is the most important
variable to predict the power of the turbine, followed by the turbulent inflow realization
(TIR); this is a consequence of the correlation between turbulence intensity, shear and
hub height wind speed. The turbulence intensity is of similar importance as the TIR in
the prediction of blade root flapwise (BRF), and tower top tilt (TTT) and yaw (TTY)
equivalent fatigue loads.

The surrogate can be used in a two-level propagation of uncertainty example. In
the example presented in this article the year-to-year variability in the shape and scale
parameters of the hub height wind speed Weibull distribution are propagated into a
variation of AEP and of lifetime equivalent fatigue loads. Coefficient of variations of
5.6% for the scale and of 5% for the shape parameters give a coefficient of variation of
2.4% in AEP, of 1.8% in lifetime E(BRF') and of 0.5% in lifetime E(T'BF).

Finally, the methodology presented in this article can be used in other applica-
tions in which there are fields which might take multiple realizations such as marine
structures (wave and current fields), offshore structures (wave and wind fields) or soil-
foundation structures (soil properties fields) among others.
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Highlights

eSparse polynomials are proposed as surrogates of an
aeroelastic wind turbine model.

e The surrogates can be used to predict the distribution of
the 10-min mean power and equivalent fatigue loads
under realistic atmospheric conditions.

eThe surrogates are used in a two-level uncertainty
propagation scenario to estimate the uncertainty in
annual energy production and in lifetime equivalent
fatigue loads.



	PCE-WT-Paper-2016.pdf
	Introduction
	Response to the problem
	Article overview

	Methods
	1D PCE theory
	Rosenblatt transformation
	Multi-dimensional PCE
	Training point selection
	Point collocation and the LASSO problem
	Logistic transformation
	Global sensitivity analysis

	Results
	Implementation
	Case description
	Training points
	Example of PCE surrogates for individual statistical moments
	Final surrogate predictions
	Sensitivity analysis
	Convergence
	Example of using the surrogates for the estimation of the uncertainty in annual energy production and lifetime equivalent fatigue loads

	Discussion
	Conclusions
	Acknowledgments


