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1. Executive Summary

Central to the HIPERWIND project is the inclusion of probabilistic design concepts into the design of
offshore wind turbine models. These can require large amounts eseeeelastic (ASE) simulations,

thus incurring significant computational loads gofintractable with currently available computational
resources. To overcome these limitations, WP4.1 is tasked with the design and development of novel
surrogate modelling approaches that can deal with the extremely high iapdt output
dimensionalitis typical of ASE simulations, while retaining acceptable accuracy.

WP4.1 develops two complementary surrogate modelling approaches that can handle and accelerate
high-dimensional ASE simulations:

0 A full wind-box-input to timeseriesoutput surrogate basedn the combination of
dimensionality reduction and autoregressive modelling developed by ETH Zurich

0 A stochastic simulator based on Bayesian Neural Networks, predictinggigregated load
guantities while taking into account model and realizatiereaization uncertaintyi
developed by DTU.

The performance of each surrogate model is benchmarked on an exhaustive database of simulations
based on the load cases identified in D1.2, for a number of output quantities of interest (Qols) and
differenterror neasures.

The surrogates presented provide an adequate to excellent approximation of their ASE counterparts,
with computational savings stéverabrders of magnitude, aratceptablenodellingerrors.As a result,

these approaches represent a substami@lasset in the probabilistic design toolchain as they enable
largescale and uncertainyware wind turbine design studies.
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2. Introduction

2.1.General context

The HIPERWIND project (HIghladvanced Probabilistic design and Enhanced Reliability methods for
high-value, cost efficient offshore WIND) aims at reducing the levelized cost of energy (LCOE) through
a threepronged approach:

0

0

0

by using measured data and advanced physised models timprove the probabilistic
modelling of environmental conditions and flow on offshore farins

by using these probabilistic models in conjunction with advanced computational models to
reduce uncertainty on turbine structure, component reliability anct@maince requirements

by deploying botlof these, explore turbine designs that both reduce LCOE and increase the
system value of wind.

The HIPERWIind project comprises fi@&pecific Objectivessummarised ifrigure 1, each outlining a
clearly defined workpackage (WP) within the project.

HIPERWind I<’ I_l QQ :

Cost efficient Cost-efficient,

ok high-value
Better operating .
reliability strategy. offshore wind.

assessment
and lower

Hptaes uncertainty.

load
Improved  } predictions.
modelling of  § H
Current enviromental i H '4
offshore wind conditions.
state-
of-the-art.

(@]

(@]

(@]

(@]

(@]

Figure 1: the HIPERWind worlpackage structure.

WP2 focuses on the improved probabilistiodelling of the environmental conditions that
affect offshore wind farm design and operation, reducing uncertainty in environmental
exposure

WP3 develops novel load assessment methods for large offshore fixed-kembrftoating

wind turbines, reducingncertainty in load assessment.

WP4 develops an efficient framework for the consistent probabilistic assessment of the
reliability of offshore turbines, hence enabling full probabilistic design approaches.

WP5 deals with the longer term modelling of windbine degradation, enabling the reduction

of expected maintenance costs.

WP6 provides recommendations based on the outcome of the previous WPs to significantly
reduce LCOE and improve the market value of offshore wind energy.



N

We focus here on WP4, and time challenges related to the probabilistic reliability assessment of
complex offshore wind turbines.

2.2.Scope of the work and objectives

This work is performed in the context of WP4, Task &irrogate models with higtimensional input
and outputsledby ETH Zurich, with the participation of DTU. Deliverable contents and measures of
success are defined in the following extract from the official SMART deliverable 4.1:

Specific targets:

0 Develop a Krigingbased surrogate model which receives turbulemtlwiputs and provides lo:
time series outputs including model uncertainty estimates.

0 Develop a neurahetwork based surrogate model withrhihute load statistics as output, trair
with Bayesian inference so that the model parameter uncertainty catirbated.

0 Test and report the efficiency of the surrogate models developed, in terms of their perfc
on predicting the probability distributions of fatigue damage and extreme loads for select
cases provided from WP1

Measure of success:

0 Surrogate modelling approaches are developed and have at least one order of magnitt
computational efficiency than the original aeroelastic modelling tool
0 Surrogate model uncertainty is not greater than the turbuledoeed statistical uncertain

(seedto-seed uncertainty)

Participant actions:

0 Partner A (ETH, LEAD): Develop and evaluate the performance of a Krlgaisgd surrogat
model. Collect results for deliverable report.

0 Partner B (DTU): Develop and evaluate the performance of a Nietalork based surroga
model for predicting loads and power production on major structures in fixed base wind
Provide load simulation and turbulence input time series to ETH foogatg model trainin
purposes.

Because of the independent nature of the work performed by the two partners ETH and DTU, this
document includes the report from the two independently developed surrogate maeetimgues as

two separate sections, starting from the contribution from ETH. Nevertheless, each section will follow
a similar structure, where the problem is first stated, including the description of the reference ASE
model considered, the accurate diggion of the input/output quantities considered, performance
metrics, etc., followed by a detailed validation and benchmarking of the proposed methodology.
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3. Surrogate modelling of highrdimensional input/output
time-series (ETH)

3.1. Problem statement anddefinitions

From a purely mathematical/abstract viewpaoiutery aereserveelastic simulatiorof a specific wind
turbine subject to a wind excitatiaan be abstracted as a generic funatowmodel M ) of the form

y(®) =M (x( @)) 1)
wherey(t) ={ yH(t),---, YV (t)} represents a set of tintependent output quantities of interest (Qols,

e.g.rotor speed, power output, loads, etc.), aft) ={x1(t),---,xNX (t)} is a set of input timaeries

that may represent both the environmental conditierts Wind speed at different coordinates, wave
height, etc.), and the state of the windbine it®lf (e.g. orientation, physical properties, etdhe
notation Ad(t indicates thathe timedependentariable A is considered for times smaller or equal

thant. In this representation, théme-dependent set ahodel responsey(t) is deterministigi.e.

evaluating the modeM on the same set of inptime seriesX (¢t) will result in an identical
responsey (t).

Due to thé inherently stochastic naturé is often necessary to consider several realizatbrike
randomenvironmental conditionsl'o reduce the associated computational burden, we introduce here
the concept afurrogate models. Following the same notation as il qve can describe a surrogate

model asa mathematical functioM such that

y©) =M (x( @) ® (x( ¥ 2

Surrogate models are chempevaluatgunctions that are trained on a training setiofe seriesof size
N known as thexperimental desigik ={x®(1), ---, X"=)(1)} so as to maximize accuracy of the
approximation in Eq(2) according to some suitable error measure.

While surrogate models are very common in a number of fields of applied science and engineering, the
construction of surrogates for complex ASE simulations with high dimensional inputs and outputs is as
of todaya largely unexplored topic.

Our goal is to present here a novel general class of surrogate models that can achieve the approximation
in Eq.(2) under the fdbwing conditions:

T x() ={V(1),z(t)} includesboththe windexcitationto which a wind turbine igxposed(
V (1)), and an additional set of state variabjeét) ) that can affect the turbine.g wave
height in offshore turbines, pitch angle if available, etn.practical computationsy (t) is a

set of threghreedimensionakurbulence boxediscretized both in space and in tinvehere
each turbulence box correspondsite of the wind speed components (longitudinal, transverse
and upwards)with respect to the turbinelTypically, eachwind field is discretized into

O(107®) nodes along the spatial coordinates, &@0"°) along the tire axisfor a
simulation length of 10 minutes
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1 y(t) represents a vector of output quantities of interest, each discretized along the time
similarly to the input coordinates(t) .

1 The size of the training sélc, is maintained manageable in the ordeL0" *) full ASE
simulations.

1 The surrogate is entirely nentrusive and datdriven, i.e. no assumptions are made nor
knowledge igequired about the specific modelling strategy employed to generate the training
set.

The last condition adds an important value to the development of this deliverable. In addition to the
obvious direct benefits coming from the significant reduction dguired computational resources, the
availability of a surrogate model can enable different beneficiaries of the HIPERWIND consortium to
run calculations without the need to exchange possibly confidential and/or sensitive information, such
as computationahodels.

3.2.Validation strategy

Regardless of the specific technology employed to achieve a surrogate of the form(2, Eg.
performance needs to be tested on a validation pool of simulations that thoroughly explores the expected
environmental conditions considered during the surrogate lifefiraethis endwe performed an
extensive benchmark study onredel of astandardzed wind turbine, with a weknown stack of
environmental modelling and ASE simulation technologdedetailed description of the specific model

is given in SectioB.3.

We validate the performance of the surrogatsing extensivedata sets with a totalf about 2000
simulations from different climate scenario®fmal turbulence model (NTM), extreme turbute
model (ETM), extremeperatinggust (EOG), as well as with different random seeds for the generation
of the input wind boxes. A detailed description of all the validation sets employed in this study is
provided inSection3.5.1

For each of the considered wind climate scenasingmber of differenbutputquantities of interess
benchmarked separately,factamounting to a differerdurrogatanodelfor each They are described
in detailin Section3.3.2

Validation is performed at different levels, depending on the specific quantity (e.g. state variables or
loads) and wind climate scenarioconsidered in Section3.5.3 Whenever possible, a comparison
between surrogatmodetinduced uncertainty vs. sesotseeduncertainty is alsperformed.Several
different error measures, as well as illustrative plogsdescribed in detail in Secti@b.2

10
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3.3. Computational model: theNREL 5MW reference turbine

3.3.1.Description of the wind turbine

Due to theunavailability of an offshore turbine model and corresponding simulator codes, as well as
the need of a clear probabilistic descriptiomvai/e conditions, the surrogatedel documented in this
reportwas developed and validated on tell-knownNREL 5-MW baseline wind turbinéJonkman,

et al., 2009) The turbine model was used WshRE L 6 s RRefsrence QpeBource Controller
(NREL, 2021)and simulated in the opesource ASE simulator OpenFASNREL, 2021)as described

in Section3.3.4

Since the surrogate modelling approach doesi@end strictly on the wirtdirbine characteristics, but
ratheraims to learn the dynamics of the turbine from simulation data, it is expghatets performance

on offshore turbines would be comparable, as long as sufficient information about the wavs loads
provided A summaryof the NREL 5MW referenceurbinepropertieds givenin Table 1.

Table 1. Properties of the NREL-MW baseline wind turbine

Raing 5 MW

Rotor Orientation, Configuration Upwind, 3 Blades

Control Variable Speed, Collective Pitch
Drivetrain High Speed, MultipleStage Gearbox
Rotor, Hub Diameter 126 m,3m

Hub Height 90 m

CutIn, Rated, CuDut Wind Speed 3m/s, 11.4 m/s, 25 m/s

CutIn, Rated Rotor Speed 6.9 rpm, 12.1 rpm

3.3.2.0utput quantities of interest

The quantities of interest (Qols) for the development and validation of the surrogaténgeggroach
areselected based on standard wind turbiesigh practices, as well as on the needs of ultimate and
fatigue limit state estimatio complete list of the Qols included, as well as the acronyms used in this
report, are given iifable 2.

Table 2: List of the quantities of interest under consideration

Qol Acronym
Blade pitch f(t)
Rotor speed mt)
Electrical power P(t)
Flapwise blade roo B (t)
bending moment Y

Note that weexplicitly highlightthe timedependent behavior of the quantities of interest, as our goal
is to provide a surrogate model of the transient response of each quantity.

11
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3.3.3.Wind box generationand discretization (TurbSim)

Turbulent wind was generated using the opeurce stochasti¢urbulencesimulator TurbSim
(Jonkman, 2009)which constructs random turbulewtnd fields from a givenspectraland spatial
coherence model. Following tH&C614001 designstandard(IEC, 2019) we used theKaimal
spectrum in conjunction with an exponential coheranoeel. This provides a temporally coherent

wind in the longitudinal ¥,(t)), transverse Y, (t)), and vertical ¥,(t)) directions. Spatial
coherencehowever,is only enforcedin the longitudinal wind directionTurbSim does not directly

include wnd shear inthe turbulence generation, bittsuperimposg it subsequentlylirectly on the
generatedurbulence box

A turbulercebox by TurbSim consists of the threeliBnensional wind speed matricd,, V, andV,

. Each matrixs discretized along the horizontal and vertig@dtial dimensionith the indicesk and

(, as well as Bng thetemporal dimensiort. Each2-dimensional slice of a wind speed matrix at a
given timediscrete timet =agt, a I, e.g. V(t), is discretized into arid 19 x 19 elements

V¥(1), resulting in 361 data points pime step Theturbulencebox isdiscretizedwith a sampling
frequency of 20 Hz, which corresponds to a time step of 0.05 s. Femati@ wind box, this results

in O(10°)data points for each wind speed matrix 8010’ )data paits for the full wind box.

3.3.4.AES modelling (OpenFast)

To perform AES simulations, we adoptelke tpublicly available opensource aerservo elastic
simulator OpenFASTNREL, 2021)to train and validate th@roposedsurrogate modéng approach.
OpenFAST uses InflowWingPlatt, et al., 2016)a module for processing wind inflow data to obtain

local wind speeds. The local wind speeds are obtained using Taylor's frozen turbulence hypothesis and
spatial andemporal interpolation. The time step of the Qols output by OpenFAETI.00625¢,

which corresponds to a sampling frequency of 160itHather words, the turbulence box produced by
TurbSim (see previous section) isinterpolated to éhigher sampling frequency of 160 Hz for
numerical stability reasonSpatial discretization is unchanged.

3.4. Surrogate modelling strategy

3.4.1.0Overview

We propose a nhovel surrogate modellingthodthat takes advantage of the spa®d time coherence

of thehigh dimensional input wind box, and the output tidependent QoldVhile we reuse existing
technology, such abespectral representation of spatial variability and autoregressive models, the use
of these techniqueis a surrogate modeling chaio predict the response tentirely outof-sample
turbulenceboxesis completely original

The overall surrogate modelling algorithm can be in short described as folloviigsee?2):

12
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1. Reduce the spatial dimensionaldf/the input turbulence boxéy projecing them on a low
dimensional spaceqt) that is suitable for surrogate modellinghis can be achievee.g.
through principal component analysis (PCA) or spectral decompositisoréte cosine
transform)of eachspatially coherer2D timeframeof V (t) . Additional timedependent time
series related to the environmental/wind conditions (gaye height) can also be included in

3(1).

2. Train an auteregressive with exogenous inpubdel(NARX) on thelow dimensionafeatures
from an available training s¢éxperimental desigrfor thoseQolsthat are only dependent on
the 3(t) (e.g. pitch anglendin some cases rotor speed)

3. Predict any intermediate quantities that are needed for the emulatiomexiéiaingquantities
of interest pitch angle, blade speed, blade fiosj etc.(see Sectio3.3.2. Combine this new
set of additional quantities wits(t) into amanifold g(t) of manageabldimension

4. Train aNARX modelof each Qol org(t) .

/
A \\A/\’
AN

— Q) Ga(t) Ga(t)

200 250 300 350 100 150 500 550
time (3]

Figure 2: Graphical representation of the proposed mMNARX surrogate modelling algorithm.

This approach results in a family of NARX surrogates that cafflséently run sequentially to provide
out-of-samplepredictionson completely new (unseetyrbulenceboxes.Because at the core of this
strategylies the constructionof a low dimensional manifolduitable forNARX modeling, we name

this methodmNARX. An interesting aspect of this approach is that the actual manifold used for each
output Qol may contain additional information w.r.t. that contained in the input turbulence thoes

to the highly nodinear transform of the raw input featurggt) that the auxiliary NARX surrogates

imply. This is particularly important in the context of a NARX, which in general fails to perform when
the output Qolgontain higher frequencig¢isan the exogenous inputs.

In the following sections, eadf the steps necessary to construct and traimn mNARX surrogatés
described in more detail.

13
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3.4.2.mNARX: a chain of surrogate models

A crucial aspect of the proposetethod ighe construction ad propelinputmanifold for each quantity

of interest The manifold itself isobtained as nonlinear transform of the input tirmgeriesthrough a
sequence of autoregressive models of intermediate quathiesnanifold itself has in principle lower
dimensionality than the raw input turbulence box, and is coetboa number of differerieatures

These features may both include a subset of the raw inputs (e.g. their spectral components), but they
may also includedditionalproperties that are not part of it, e.g. higher frequency harmoniather
nonlinear transforms

Albeit at first sight counteintuitive, this isa direct consequence tfe physics of a wind turbine
system:the frequency content of the input turbulence bmagsirally affects that of the output Qols
from the wind tubine. However, the wind turbine consists of several moving parts and a control system,
which may resulin cyclic behaviour at frequencies much higaard lowerthan those typical of wind
variation Perhaps the simplest exampliethis behaviouwould bethat of a turbine under a constant
breeze: while the turbulence box woulshmain fixedin bothtime and space, the loads on the wind
turbine elements would exhibit a cyclic behaviatfrequencies related to the rotor spessiwell as

to the number oflades on the turbinge.g. due tdower shadowingeffects from the bladgsA more
relevant example is providedfigure 3, where we showhe magnitude spectrum ofiagleturbulence

box for the central nod¥, “*'°(t) (see SectioB.3.3for more details)

As expected from a Kaimal model, input wind power decapily with frequency, and most of its
energy is contained at frequencies well below 1 Hz. Similary powerspectrumof the rotor speed

w decays fast, but shows a peak at about 4 Hz. This behaveuerisnoresvidentfor M f'd (t), the

powerspectrum of which remains essentially constant between 02 ldndnd exhibis a strong peak
atabout 2 Hz.

The input manifolde(t) of the mNARX surrogate for each Qol is therefore a combination of the
turbulence box parameteMé (t), and other derived quantities, typically other Qibiat have been

surrogated at an earlier stage. Thiesrarchical construction results therefore in a chain (or sequence)
of surrogates that may depend on each other. An overview of thedeqessdencies between the
surrogates of various Qols is providedrable 3.

10,10 Bld
v,10-10 w M,
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—_ —-20
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5 0 —40
@
3 -20 -60
=
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g —40 |
£ -=100
_60 -
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0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
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Figure 3: Magnitude spectrum of wind speed trace at hub positigfi®*%(t) , the rotor speed,

mt), and the flapwise blade root momeM, " (t) .
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Table 3: Surrogate modelling dependency chain

Qol (Symbol) Input manifold components
Pitch angle ((t)) V(1)

Rotor speed iAt) ) V(t), 7(t)

Azimuth (&, (t)) mt)

Azimuth harmonicd (a/(t)) a(t)

Electrical power P(t)) V(t), 7(t)

Blade root flapwise moment\ > (t)) V(t), F(t),ak(t)

3.4.3.Spatial dependencespectral compression

According to Eq(2), the chain of surrogate mode}t) =M (x( @)) is a function of théin general
time-dependentenvironmental and structural parameters contained(ip. As described in Section

3.4.2 however, each Qoﬂ_:(t) may depend on a quantigpecific set of input parameterBaple 3).

For notational simplicity, we will now focus on a single output Qol at a time, making their dependence
on the input parameteexplicit as follows:

FO=Mi(x( @), yH 9), ©)

whereX(t) is the inputime serieshat describes théme dependergnvironmental conditionsnd state

variables andy_ (t) is a sef Qols that have been surrogated priorﬁxﬁt) as described in Section
3.4.2

Because of its high dimensionalityeviocus in this section athe V (t) componenbf x(t), or the
input turbulence boXsee Sectior8.3.3. As describedn Section3.3.3 it is typically discretized as
three threalimengonal matricesV,(t),V  (t) and V,(t), each with a dimensionality in the order of

O(107*). Among the three components, by far the dominant one for most Qolslmdiidinal
component

V. (t), which is also the only one that exhibits spatial coherégoeonstructionBecausewith our
specific model configuration (Sectio®.3) wind is aligned with the turbine anthe other two
components are much less significant and have no coherence (whiteweiséycard them from the
pool of input featuredn the general case, all components can in principle be considered.

To be able to usadvanced surrogate modelling techniques, and NARX models in particular, we need
to reduce the dimensionalityf Vx(t), and to achieve thisve capitalize on its spatial coherence
(smoothness)There are many approachagailable to tts end(e.g. principal component analysis,
wavelet transforms, e¢ and for this application of MNARX we chodseprojectV, (t) ona truncated
discretecosine basidn other words, at any timestén the dscretized turbulence box, we project the

1E.g.sink @, (t))
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two-dimensional matrix of longitudinal windpeedsV, (t) into its truncated2D discrete cosine
transform (DCT)coefficients3(t):

non A 2 ~ e 2
VE®H =4 é‘)(ij(t)cosgﬁgelﬁ1 830@—"7(% i, ()
i=lj % enc 2+ gn ¢

where kK and / arethe indices of the discretized turbulence box alongxhand y directions (see
Section3.3.3, n ¢ n and n, ¢ n, are the number ofliscretization nodes along the and y
directions, respectively, anj () 0 aretheDCT coefficients The invertibleDCT transform allows

us to mapV, to 3 andvice versa

Due to the physics of the system, it is expecteddhigtthe low spatial frequency modesaff) in Eq.
(4) directly affect the wind turbine responséaelexpansion is therefore truncated, typichihysetting
n =n_ =, hence yielding a total number of coefficients in the ofd¢t0), down from the original

O(lO“) of V, . A visual comparison of a ra@D wind velocity profile and the effects of this lew
pass filtering compression is providedrigure 4.

V, (t=200 s) log |E| V, (t=200 s)

Figure 4: Original vs reconstructedind field after truncating its spectral represeimatto the first
16 (n =n_ =) modes onlyLeft: original 2D turbulence box sliceyiddle: 2D discrete cosine

transform coefficients (coefficients kept after the truncation are highlighted by a black sdghte),
reconstructed turbulence box slice after truncation

After this compressiorstepof the spatially dependeM,,(t) , the total number ahe inputmanifold

featureds in the order ofl-25, depending on the specific Qol being surrogaéed can be handled by
standard autoegressivenodelling methodsMore explicitly, the full input manifold can be written as:

st)={ &), r . }. (5)

For notational simplicity, we omit here and in the following an explicit reference to the Qoliiratex
the input manifolde(t), but it is clear from Eq(5) that it is actually on the specific Qol being
surrogatedin general different Qols will be constructed on different manifolds (see also S&édtidn
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3.4.4.Time dependenceNARX

Once the timadependent input manifold(t) is constructed, it can be used within a standard NARX
modelling framework. In shortye consider an autoregressive model offtilewing form:

V(t+at) M (yE 9.8 t¢ &) (6)

where agt is a small timeéncrement, which corresponds to the time discretization step in ourlgase.
other words, given an incremental timest@p, the output quantity of interedﬁ(t+dt) is predicted
based on its own Wae predicted until timé (autoregressive component), and the input manittgl
until time t + gt (exogenous input component).

In practical NARX applicationghe system is assumedhave finite memory, which means that instead

of the full set of autoregressive tirseries, only a small subset is considered. This subset is often
parameterized in terms of the numbenraifs considered for each quantity. Edelg is normally an

integer nultiple of the time discretization intervatt, or/, =kat, k [0 , which leads us to rewrite
Eq. (6) explicitly as:

B+ o) M (y@), y(EL), y(t BL)e(t dh @), (845)r, (t &,7) @)

where/? and ¢* are the lags alony, and z (to avoid notational overcrowding we drop théndices
on all instances of , but in principle they are Qalependent), and, and n, are the total number of

lags considered foy, and z , respectively.

The formulation in Eq(7) is very general, and it allovisr significant freedom: lags can be of different
lengths, and they can be different between the autoregressive and the exogenous input components.
This is important, because of the muitodal frequency response spectrurwirfd turbine simulations,

which requirs both shorterm lags to reproduce higrequency behaviour, addngtermlags forits
correspondindpw-frequencycounterpart.

Numerous approaches are available in the literatuceristruct autoregressive modaighe form of

Eq. (7), and in this work we use a classic polynomial model avaikbléescribeth (Billings, 2013,

pp. 3536). For the sake of simplicity, we operate on both input and otitmet seriesat the same
sampling frequencgs the AES simulatasf /7 =160 Hz (for more detail, see Sectiéh3.4. In this

setting, theparameters of the mMNARX surrogate are summarized in the following table

Table 4: Configuration parameters of the mMNARX surrogate

Parameter Desciiption
Polynomial degreel Maximumpolynomial order to be considered in the NARX surrog
Maximum interactionl Maximum interaction order considered in the polynomial regress
{ffr 0 } List of the auteregressive lagg”

y
{éi o ,fnz} List of the exogenous input lag$
g(t) Definition of the input manifold, including the auxiliary Qols and

frequerty truncation strategy foV, (t) (seeTable 3).
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The final complexity of the mMNARX model depends of course on the paramef&able4, because
they uniquely determine the number of unknown coefficients that must be inferred from the training
set.

3.4.5.Wind regimes and classification (low/high wind speed regimes)

A wind turbine has several mechanisms to operate optimally under a vaméhdafonditions, one of

which is the controlledriven variable pitch angle. The pitch angle drastically affects the turbine's
dynamic response to the wind. This is accounted for by predicting the pitch angle as an intermediate
guantity and using it as amdditional exogenous input for predict other variables, such as loads.
However, it was found that the performance of the proposed surrogate modelling approach is
significantlyimproved when the problem is divided into low and high wind speed regimesoesp

a simple classification based on the rated wind speed of the turbine and the average wind speed of a

wind field at hub heighV,,,,. The low wind speed regime includes wind fields Wi}, less than the

rated wind speed of 11.4 m/s and the high wind speed regime includes wind field, yitneater

than or equal to the rated wind speed. For either regime a separate surrogate is constructed. New
turbulence boxesre frst classifiedaccording to this simple propergnd then evaluated with the
corresponding surrogate.

3.4.6.Training strategy

With Eq.(7), we introduced a general formulation of a NARX model in which at each future time step
t+at, the predicted outputf(t+at) of the NARX model is a function of an exogenous input

g(¢t +ot)and past prediction£(¢ t) . Subsequently, we refer to the full input vector at a time step

t , consisting of both the exogenous input and the past predictioﬁf)aSNhere the superscript

refers to the] - th simulationin the experimental design

F(trd) M ayB), y(EL), - y(t BL)st ar @), (645), &)~  @®
¢

(i)
Uy
For the same time stepand simulation | , we write the true output ag'” ={ v (t -O’t)} . Note

that we omit the subscript hereafteto avad overcrowdingof the notation

We then model the approximate respoM¢---) as a multivariate polynomiain the components of

the input vectori, , whose coefficients are to be determined from the available training set.

Let U be a integemulti-index belonging to the set
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where M is the number of components of the input vedigr, d is the maximum degree of the

multivariate polynomial and is the maximum interaction order, Wh"élp is the p- norm operator.

For everymulti-index U we then define a multivariate polynomiB (0 ) as:

N
Po(,)=0¢ ;)" 10

Given EQq.10), we can explicitly rewrite E(8) as:

M ()= a gPy a), (1)

Mdr

Where theCy are a set of real polynomial coefficients, which for convenience we gather in a vector

- - Ya
={CD,U IAM’d’r} . From Eq. (11) it becomes clear thataining the surrogate corresponds to

determining the matrix of polynomial coefficients, which weachieve by ordinareastsquares
(OLS) regressionVe construct a regressiomatrix Y , which contains theamples from all time steps

and of the full experimental design:
v ={PO o PO Pl pw} (12)
Similarly, we alsgyatherthe output vectoly as:

y = {ya) YD ) );NED>} (13)

Using y andy, theregressiorproblem can then be written as a linear sysiemy ¢ wherec is a

coefficient vector. We solve this linear regression problem by least squares minimization analytically
simply as

= (Y Ya Y) 1 Y1/4 . (14)

In our problem, we havéN, °© O(10?) simulations in the experimental desigyith O(105) time
steps per simulationmakingit impractical to solve Eq14). Therefore we use only a random subset
of the input matrixy ¢ E ; Y and thecorrespondingutput vectorys E Y . The size of the random

subsetNg depends onthe number of coefficients, and we chod¥g ® 20 3|c |, to ensure proper
conditioning in the matrix inversion Eq.(14).

3.5. Surrogate model performance
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This section provides an extensive analysis of the performance of the surrogate modelling chain
described in SectioB.4 on several validation sets that span varghignate conditions, from nominal
operation to wind gusts, and provides an estimate of the modelling error introduced by the satrrogate
different levels

3.5.1.Training and validation sets

To benchmark the proposed surrogate modelling strategy just introdueambnsidethree different

wind condition scenariosdentified inthe IEC 614001 design standarchormal turbulence model
(NTM), extreme turbulence model (ETM), and extreme operating gust (EOG). The following sections
describe the construction of thetulent winddataset$or each scenarj@andlist the number of random

input vectors and random seeds ul®dhe performedsimulatiors. An overview of all datasets used

can be found ifable 5.

Normal turbulence model

The wind climate parameters wereoskn in accordance with the IEC 614D@lesign standard.
Consequently, two random variables are definadielythe mean wind speed at hub heilyj,, which

follows a Rayleigh distribution, and the turbulence standard devi&igrwhich follows a Weibull

distribution and is conditiadon V, ;. Sets of random variables wil},,, below cutin wind speed (3

m/s) or above cubut wind speed (25 m/s) were discarded.

Two datasets were generated the NTM scenario, subsequently referred to as the standard dataset
(SD) and theeplicationdataset (RD)In the SD each wind field isonstructean a random input vector

with a unique randomseeddifferent from all otherén the datasetin the RD multiple wind fields are
generated with different random sedds the same realization of the input random vectowind
parametersTo create the SOL,200simulations were run, of which108 were between cin and cut
outwind speed an@®03 completed successfullyfhe RD is based on20 simulations, of which660

were within the wind speed bounds &%®3 completed successfully. Tee720 simulations were based

on random turbulent wind fields generated from 24 input veetods30 random seedlsr each input
vector.

Extreme turbulence model

For the ETM he design standard defin¥g,, as a random variable, whilg, is a deterministicvalue

depending o, . Only random input vectors with, , between cutn and cutout wind speed were
considered.

Similar to the NTM scenario, a SD and RD were credfectreate the S[240simulations were run,
of which 223 were between cit and cutout wind speed and82were completedThe RD is based
onwind fields from 24 random input vectors and 30 seeds, resultingdrsimulations of which690
had valid wind speeds aB68 completed

Extreme operating gust

In the EOG scenario, gusts were generated according to the IEGBst@tdard foV,,, in the range
of 525 m/s instepsof 2 m/s Each gust profile wasentredaround zero wind speed and superimposed
ona random turbulent wind figlgenerated from the correspondMg, and a fixed turbulence standard

deviation S; =0.1. An exemplaryturbulent wind speed trace at hub positMy{10,10) with a gust
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superimposed is shovin Figure 5. For eachV,,,, turbulent wind fields were generated from a set of
30 random seeds, resulting in a totaB80simulatians, of whichl89were completedn this scenario,

all simulations withV, ,larger than 19 m/s aborteihis is not unexpected, becausetwf lack of a
proper turbine shutdown mechanic in the OpenFAST contialigiementation

12
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Figure 5: Turbulent wind trace at hytositionwith an extreme operating gust between 455 and 465
S.

Table 5: Summary of dtasetgnormal turbulence model, NTM; extreme turbulence model, ETM,;
extreme operatig gust (EOG))

Wind Dataset Number of Number of Number of simulations
conditions input vectors | random seeds (completedivithin wind
speed boundkonducted

NTM SD 1200 1 9031108/1200

NTM RD 24 30 558/660/720

ETM SD 240 1 182/223/240

ETM RD 24 30 568690720

EOG - 11 30 189330330

Training set

As described in SectioB.4.5 we build two separatsurrogatemodek at low- and high wind speeds
for each Qol, and we seamlessly integrate them through a simple classNgy dfor each regima

surrogate was trained antotal ofLO0ASE simulations The simulationsvere randomly selectdtbm
the valid simulations (wind speed according to classification) aetbssvendatasetslisted inTable

5. With asimulated timeof 10 min and a sampling frequency of 160 Hz, this resul@(jfu07) time

steps for the full traininget. Because the surrogataly requiresO(lOz'S) hyperparameter®d be
fitted, and due tdhetemporalcoherencef bothinput and outputime seriesonly a random subset of

O(lOE' 6) time steps was used to train the surrogBite.compositionof the training et is provided in
Table 6.

Validation set

The validation of the mMNARX approach was performéth the simulations that remained after the
selection of the training setor the low and high wind speed regime surrogat€onsequently, all
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simulationspresented in our benchmark study (Sec8dnl) areout-of-sample. The composition of
the validation data is given ifable 6.

Table 6: Composition of training and validatiaets

wind Dataset Number of simulations in Number of simulations in
conditions training set validation set
low wind high wind low wind high wind
speed regime speed speed regime| speed regime
regime

NTM SD 41 35 549 278
NTM RD 29 22 329 178
ETM SD 9 5 112 56
ETM RD 11 31 419 107
EOG - 10 7 85 87

3.5.2.Validation analysis: error plots and error measures

Due to the underlying physicdjfferent Qols can have very different spectral characteristics. Most
exhibit strong periodicity due to the rotation of the roiarconjunction with wind shear. As a result,
many Qols depend on the state of the wind turbtramy given instant

To address this dependence, we introduced the concept of a surrogate modelliag ehainltilevel
approach in SectioB.4. However, errors in the wind turbine state, especially rotor spedtieddrived

rotor orientation, lead to phase mismate&tvween actual and predicted ougpu@ommontime series

error measuresuch as the root mean square error (RM$B&dalize this phase mismatch and result in
errors that do not well represent the performaoicthe surrogatén emulating the dynamic turken
response. Therefore, RMSE is used only for auxiliary Qols that do not depend directly on rotor
orientation such as pitch angle or rotor speed

For the primary Qols, aggregate quantitiemmonin the wind turbine design process are usstead
as meaningful error measur&¥e focus in particulathe peakoad values, damage equivaleload
(DEL):

T; N A"
DEL = ﬁiaﬂ (15
Tsim Neq i=1 Neq

with T,

life

productionover a teaminute intervalE):

=20 years, T, =10 min, N,, =10"and m=10 for the bladesor the integratedenergy

v Tsim

E= ,jj P(t) dt (16)

with T. =10 min.

sim

A complete list of aggregated quantities used for each Qol is providexbla 2.
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As described in SectioB.5.1 we use two different types of dataset: a standard dataset with no repeating
vectors of wingclimate conditions ananly unique random seedm the one handand replicate
datasets where each datasatsed repeatedly with differerdndomseed=n the otler hand We use
thestandard dataset (SB) evaluate the overall accuracy of the mMNARX approach, ameptieation
datase{RD) to compare the error introduced by the surrogate with the uncertainty associated with the
stochasticity of the wind fieldggommonlyknownas seedo-seed uncertainty.

To represent the results obtained fréime standard datasetve use scatter plots of scalar values
aggregated from the full output time series whenever possible. The comparison of the aggregated value
from the pedicted time series with the value from the true output time series provides a general
overview of the performance of the surrogate. For each scatter plot, we higlilightred and a green

circle data points that correspond bad and goodpredictions,respectively. We alsshow the
corresponding true and predicted Qiate seriesIn addition, for eaclstandard dataseind Qol, we

show arandomselection of five complete true and predictad output traces from simulations with

very low to very high wid speeds.

We use histograms and box plots to relate the error introduced by the surrogate with-tbessedd
uncertainty. We define theeedto-seedvariability , ..., of an aggregated quanti® as

:seed(?” S) = Z( 39 -m 6) 17)

where 3 is a realization of the random wind parameters (¢,g. S,, etc) and s is the random seed
n,

and m,, = n_ é_l z(3, 9, with N the number of available seedsalogously, we define the surrogate
s S=

error as

s surr

:surr(3’s) = E 39 - 1 ) $! (18

where E is the value aggregated from the predicted time series.

Table 7: Qols and aggregated quantities used for model validation

Qol Aggregated quantities
f(t) RMSE

mt) RMSE

P(t) RMSE, E

M 2 (t) DEL, max(M*())

3.5.3.Detailed performance analysis on selected Qols

Due to the complex nature of wind turbine models, which include structural physics, wind dynamics,
control systems, etc., it is in general not possible to blindly build a surrogate model in the form of Eq.
(2) directly from the input model. As introduced in Sect®4.2 a sequence of intermediate auxiliary
Qols are consticted instead, and they areused for surrogating different final quantities of interest.

Two auxiliary quantities of interest are in particular important, as they argeck by virtually every
other Qol that is being surrogated: blade pitch angleti@ler-driven) and rotor speed (s&ection
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3.4.2). In the following, we first provide a detailed analysis of the surrogate perforroaticese two
guantities, fdbwed bya selection ofherelevant Qolsntroduced inSection3.3.2

3.5.3.1. Auxiliary Qol: blade pitch

Rotor speed is one of the most important stat@lkas necessary to assess the state of a wind turbine,
as it affects power production, and virtually all the loads each turbine component is subject to. While
in principle it is mostly dependent on the input turbulence box (and consequentlyréallitsl
representatior(t) ), it is also dependent on the blade pifd) , which is electronically determined by

the control systenT he latteris therefore the first auxiliary Qol that we are goingtesent here.

Folowing the surrogate modelling approach introduced in Se&ignthe mNARX surrogatevas
calibrated with the set of parameters reporteBable 8.

Due to the nature of the quantity, we assess its accuracy in terms-ofeaaesquare error (RMSE) on

each time series on the relevant validation Aegraphical summary of the surrogate performance on

the NTM validation dataset (se&ection3.5.2 is provided inFigure 6. With an overall RMSE in
general below 0.03 rad (< 2°), it is clear that the surrogate can accurately reproduce the behaviour of
the ROSCO controllewith high accuracy on the entire nominal wispgked dataseAs a visual aido
associate RMSE with performandes/o traces are highlighted below the RMSE histogram: a red trace
associated to a relatively high RMSE, and a green trace associated to a relatively low one.

To additionally assess thgerformance of theurrogate, we showcase fiigure 7 a number of raw
traces randomly selected from theTM validation dataset.In particular, no clear drift/error
accumulation is clearly visible over time. This is expected, dugttpbeing essentially a function of

the exogenous longitudinal wirmbmponentV, , hence not strongly dependent on the autoregressive
part of the mMNARX process.

Corresponding validation plots for the extreme turbulence n{&dé¥l) validation dataset are reported
in Figure 8 andFigure 9, respectively. Thaurrogate model performs remarkably well, with a slight
increase in RMSE error, mostly due to occasional outliers. One such outliers is provided for reference

on the lower left plot oFigure 8, where the surrogate pitdﬁt) predicts a large controller response

at t © 240 sthat is not present in the real trace. As it is clear fraguire 9, the surrogate response is
in general more accurate for higher wind speeds.

Table 8: Properties ommNARX surrogatdor the blade pitch

Exogenous inputs V., (t)
Low wind speed High wind speed
regime regime
Number oturbulence box featurez(t) 9 9
Total number of NARX inputs 9 9
NARX degree (interaction order) 31 5(@)
Auto-regressive lage”’ {1,160 {1,160
Exogenous input lagé” {1} {1}
Total number of NARX parameters 33 55
Number of training simulations (samples) 100 (10°) 100 (10°%)
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Finally, the surrogate is benchmarked on the extreme operating gust (EOG) dafageteriO and
Figure 11. The performance is once again very good, comparable to the other two regimes (NTM and
ETM). The behaviour of the controller at the onset of the gust is also accurately reproduced at all wind

speeds (sekigure 11).
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Figure 6: Surrogate model performance on tmatrollerdrivenblade pitchf (t) onthenormal

turbulence model (NTMyalidation datasefl op: histogram of the roaheansquare error in degrees.
Bottom left: example of higlRMSE validation sample; bottom right: example of a low RMSE
validation sample.
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3.5.3.2. Auxiliary Qol : rotor speed

Once the blade pitch is available, it can be used as an additional featunetmtehe rotor speedn
analogy toTable 8, we provide a summary of the surrogate model characterisficie 9.

Table 9: Properties oimnNARX surrogatdor therotor speed

Exogenous inputs V. (), At)
X 1

Low wind speed High wind speed

regime regime
Number oturbulence box features(t) 9 9
Total number of NARX inputs 10 10
NARX degree (interaction order) 4(1) 4(1)
Autoregressive lage”’ {1} {1}
Exogenous input lagé’ {1,2} {1,2}
Total number of NARKarameters 84 84
Number of training simulations (samples) 100 (10°) 100 (10°)

The surrogate of the blade pitoﬁt) is now listed as one of the exogenous inputs, following the
surrogatamnodelling chain described in Sectidnt.2

An overview of theperformance othe mMNARX surrogate on the NTM validation set is reported in
Figure 12. On the top panel, we present a histogram of the RMSE error (see S6tihon the entire
NTM validation datasefl he overall RMSE is quite loywvell below 0.3 rpms for most of the dataset.
Two traces with a relatively high and low RMSE, cetoded in red and green, respectively, are shown
on theremaining rowdo aid with the interpretation of this error measure

To further assess the accuracy of the surmgat additional set of validation trace plots is provided in
Figure 13. As for the case of the blade pitét{t), the performance over differenind regimes is

overall excellent, and no clear performance gnifor accumulatiover time is visibleat time scales
of O(6QC s).

Similar observationalsohold for the surrogate model performance on the other two ETM and EOG
wind regimes Their performance are summarizedrigure 14 andFigure 15 for the ETM, ad on

Figure 16 andFigure 17 for the EOG validation set3here is no appreciable decrease in surrogate
moddling performance with the different climate scenarios, and even the onset of the wind gust for the
EOG datasetsiaccurately modelled (s€gure 17).

The overall performance of the two auxiliary surrogaﬁs and IE(t) allows us now tgroceed in
the surrogate modelling chaiiom Sectior3.4.2to a number of loadelated output Qols.
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3.5.3.3. Primary Qols: power production

With both rotor speed and blade pitch available, it is now possible to surrogate most of the primary
Qols described in Secti@?3.2 We start from the electrical per P, using the mNARX configuration
providedin Table 10.

Table 10: Properties omNARX surrogateor the power outpuf(t)

Exogenous inputs V. (1), &), k)
X 1 1

Low wind speed High wind speed

regime regime
Number oturbulence box featurez(t) 4 4
Total number of NARX inputs 6 6
NARX degree (interaction order) 7 (1) 3(3)
Autoregressive lage”’ {1,30} {1,30}
Exogenous input lagé’ {1,30} {1}
Total number of NARX parameters 98 164
Number of traming simulations (samples) 100 (10°) 100 GAF)

As a suitable error measure for this quantity, we use the integrated energy production over a 10 minutes

time interval. We present an overview of the performance of the surr@a)eon the NTM data set

in Figure 18 The overall accuracy of the surrogate is quite high, although a clear bias towards
underestimating the produced energy is visible, especially close to the high total energy region. This
behaviour is more clearly visible Figure 19, where it becomes apparent that this bias occurs mostly

in the region withV, , ® 11 m/s. This is the trandgion region around which the wind turbine often
reaches its rated power, hence changing its controller redgimkégure 20we present a random set of
raw traces for different values ¥ ,,, making this regime transition region even clearer. It is clear that

the mMNARX surrogate is very accteaat low and high windpeeds, but additional work is needed to
improve its performance in the intermediate wind speeds region.

This behavioris further confirmed in the analogous set of figures for the extreme turbulence model
(ETM) validation setFigure 21, Figure 22 andFigure 23. Because of the higher wirgbeeds, the

overall performance of the surrogate is generally much better and less biased than for the normal
turbulence model.

Finally, the performance of the mNARsurrogate on the extreme operating gust (EOG) data set is
highlighted inFigure 24, Figure 25, andFigure 26. This last dataset unfortunately only has a limited
number of simulations available at Ibngh windspeedsljkely due to many of them failg to complete

due tothe lack of a turbine shutdown mechanidwevertheless, the surrogate model performance is
once again consistent with the previous findings, with high accuracy at relatively low and relatively

high wind speeds, but a significant diagerformance in the region aroulf,, © 10 m/s.
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Table 11: Summary of the surrogateodel performance on the total energy produBedrhe

coefficients of determinatiof” corresponds to the scatter plot$tigure 18, Figure 21 andFigure
24. The mean of the surrogate ermg_, the standard deviation of the surrogate esror and the

standard deviation of the setdseed uncertainty?eseed correspond to the histogramshigure 19,

Figure 22 andFigure 25.

Energy produced
R2 nzsurr Esurr Eseed sesurr sged
NTM 0.996 -0.007 0.019 0.022 0.832
ETM 0.995 -0.012 0.010 0.058 0.170
EOG 0.994 -0.009 0.020 0.015 1.341
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3.5.3.4. Primary Qols: flapwise blade root moment

Next, we benchmark the surrogate performancehaflapwise blade rootbendingmoment Mf'd ,
using the mMNARX configuration ifiable 12.

Table 12 Properties omNARX surrogatedor theflapwiseblade root momenM ;3"’ t)

Exogenous inputs V. (t) /F(t) &)
Low wind speed High wind speed
regime regime
Number oturbulence box features(t) 25 25
Total number of NARX inputs 34 34
NARX degree (interaction order) 2(2) 2 (2)
Autoregressive lags”’ {1,16,33 {12}
Exogenous input lagé” {1} {1}
Total number of NARX parameters 740 702
Number of training simulations (samples) 100 2AC) 100 2Q0)

As for the auxiliary Qols presented in Secti8s.3.1and3.5.3.2 for each of the three validation wind
regimes (NTM, ETM and EOG) we present the surrogate model performance at first as a
summary/overview, and then on a selection of raw trace etaause of the nature of tiapwise

blade root momentV f'd, we choose to use as a two different performance metrics: RMSE on the

damage equivalent load (DEL) for each trace, and RMSE on the maximurRlease note that these
guantities are used only as error measures on the output time seriesheaiwputs of the surrogate
model themselves.

The surrogate model performamcel‘wﬁf'd (t) in terms of DEL is summarized Figure 27, while its
pefformance in terms of maximum lo&lprovided inFigure 28. Both plots provide additional insight
by means of the scatter ploM > (t) vs I\Ef'd (t) on the top left, where the true model versus the
surrogate are plotted against one another. The heatmapcodiog represents the underlying mean
V. for each simulation point

Overall, the surrogate moldaccuracyof I\ﬁIV_ZyE"d (t) in terms of DEL ishigh, especially for either very

low and very highV, ,,, with a decrease in performance in the intermediate regimes. In particular, a
small but significant bias of approximagly - 0.2 MNis visible acrossmost of the samples, as
summarized in the histogram of, on the top rightWe interpret this bias as a consequencarof

accuracy reduction at higher frequencibsit isvisible both in the trace plots irigure 27, and the
larger sebf raw tracegpresented ifrigure 30. Similar observations hold for the performance on the
maximum load per trace Figure 28, and the overall surrogate behaviour is comparable.

For a better overview comparisdfigure 29 provides a deeper insigbh the nature of the discrepancy
and bias observed in both error measuweth the top row corrgending to DEL, while the bottom
corresponding to the maximum load per trdoeeach row, we provide in red bplots of the same

discrepancy measure providedFigure 27, but as a function of th¥, , (binned in 5 representative
speeds for readability). To provide a comparison in scale, we provide a similar error measure based on
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the dispersion around the mean of the true values in the validatjatue to the natural se¢d-seed
variability (see SectioB.5.2for details). On the right, we provide instead aggregate histograms: the red
histogram corresponds the histogram on the tamht panel ofFigure 27, while the blue histogram

only showcases the dispersion of the true validation dataset around the mean, foindasjeead.

Please note that the two error measures are not directly comparable (surrogate modelling error vs seed
to-seeduncertainty), but the sedd-seed uncertainty is rather provided as a relative scale to assess
approximation accuracy.

The main take away dfigure 29 is that most of the surrogate modelling errodig toits bias at
intermediate wind speeds, while loand high wind speeds are repdlaced correctly and with little to
no biasFigure 30showcases a random set of traces from the NTM dataset with incr¥gginghich

visually confirms the high accuracy of the surrogate at low and high sjreetds, and its reduced
performance tintermediate windgpeeds.
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Figure 27: Surrogate model performance on flapwiseblade root momenM f'd on the normal

turbulence model (NTM) validation dataset. Teft: scatter plot of true vs. surrogate DEL
estimation. Top righthistogram of the roetneansquare error iMN. Bottom left: example ofn
inaccurateDEL estimatiorsample Bottom right: exarple of ax accuratdEL estimationrsample.
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Figure 28: Surrogate model performance on flapwiseblade root momenM f'd on the normal

turbulence model (NTM) validation dataset. Top left: scatter plot of true vs. surrogate maximum load
estimation. Top right: histogram of the raneansquare error in MN. Bottom left: example of an
inaccurate maximum load estimation samplettom right: example of an accurate maximum load
estimation sample.
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Figure 29: Surrogate model performange seeeo-seed variabilityon theflapwiseblade root

2.0
1.5
1.0
0.5
0.0
-0.5
-1.0
-15
-2.0

DEL(ME")
i I Eseed
Esurr
3.7 6.3 10.4 12.5 202 0.0 0.5 1.0
Vhub [M/s] relative frequency

max(M)E”")

:3 @ié

B Eseed

3.7

6.3 10.4 12.5 20.2
Vhub [M/s]

0.0 0.5 1.0
relative frequency

momentM f'd on the normal turbulence model (NTM) validation dataEep panel: DEL. Bottom

panel: maximum load.

50



Figure 30: Performanceof the surrogate model tie flapwiseblade root momenM f'd on the
normal turbuénce model (NTMpn a selection of raw traces from the NTM validation set

Surrogate performance on the extreme turbulence model (ETM) is showcased by the corresponding set
of plots inFigure 31 (DEL), Figure 32 (maximum load)Figure 33 (surrogate error vs se¢d-seed
variability) andFigure 34 (raw trace plots)Consistently wih the previous results, at the higher wind
speeds typical of the ETM scenario, the overall accuracy rentamgparable but the bias is
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