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Abstract

Wind turbines are typically designed for an operational life cR8@ears. The operation of the assets

can be extended beyond their design life if structural components have sufficient reserves left. One
approach is to monitor fatigue loads and compare these with design assumptions to determine the
remaining useful lifetira of the assets. A major challenge is that sensors for measuring the stress
history, such as strain gauges, only deliver local information. Monitoring of every hot spot is
technically and financially not feasible due to cost and access restrictions. iioaddtrain gauges

only have a limited lifetim&hen compared to accelerometers.

Several response estimatiam extrapolationmethods have been proposed in literatui@tackle this
problem All of them are Kalman filter based methods, with the excepbitthe Modal Decomposition
and Expansion Method. A nealman filter basednethod has been recently proposed in literature
called Gaussian Process Latent Force Model. The aim of this work is tothssess method with
respect to existing ondsoth theoretically and numerically

Theoretically, the &man filter based methods always rely on white gaussian noise assumptions for
the unknown loads, and the modal decomposition and expansion method disregard measurement
imperfections. The new method improves upon these assumptions by providing a flarithastic
definition for the unknown load, and by taking into account measurement imperfections.

The numerical analysis is restricted to a comparison with respect to the modal decomposition and
expansion method given the different theoretical backgrosirithe comparison is realised upon a
simulationwhich illustrates and validats the methods, and upon eeallife onshore wind turbine
equipped with accelerometers and strain gaug®teasured strains are compared with estimated
strains. The accuracgf each method is quantified using the mean absolute error and by the
correlation betweemmeasurement and estimatio he higher accuraabtainedshows that the new
method is an improvement upon existing methodsis is further extended in the calculation of
Damage Equivalent LoadEhe result shows a relative error that, depending on operational conditions,
ranges within 2840[%] for the modal decomposition and expansion method and less than 10[%] for
the new method

These results show that the novel GaussiarcBss Latent Force Model method should be taken into
account for response estimatiomhen accuracy is relevant. Future works should aim on developing a
mechanical model that better capture the real behaviour of the wind turbine, as the accur#oy of
response estimation methods is mainly controlled by the validity of the underlying assumptions of the
mechanical modelFurthermore, the strain estimations should be sought in the whole frequency
range, this can be realised by including measurements thateatetis information: GPS sensors or
inclinometers for example.
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Nomenclaure

General Notation

Matrices, bold and capitalized: L
Vectors bold and lower case: °
Scalarslower case: W
Time dependencies may be omitted for simplicity: wo % w

Time derivatives areexpressddi A y3 b Sglig2yQa y24+Gh2y

Discretetime notation: o0 @O

Estimations are, in general, denoted with a hat: W

Abbreviations

GPLFM
MD&E
MAE
TRAC
MAC
MDOF
SSiCov
pLSCF
OPTICS
RD

CD
MinODbj

Gaussian Process Latent Force Model

Modal Decomposition and Expansion

Mean Absolute Error

TimeResponse Assurance Criterion

Modal Assurance Criterion

Multi-Degree Of Freedom

Covariance Driven Stochastic Subspace ldentification
poly-referencelLeastSyuaresComplexFequencydomain estimator
Ordering Points Tentify the Clustering Structure
Reachability Distance

Core Distance

Minimum number of Objects



1Introduction

1.1 Motivation

The energy sector has undergone a shift towards renewable energies in order to meet the Paris
Agreement target of holding the increase in the global average temperature well belojd]2%ind
Energy playan important role in accomplishing this objective. More than-bimied (35%) of the total
electricity needs would be generated by both onshore and offshore wind turbines by[2D50

Wind turbines are subject to a highly variable load: the wind. The loading cycles that this load produces
on the structure bringsonsiderable fatigue loads as a consequeriogically, wind turbines are
designed for a 2Qear life with the fatigue loads governing the desi@]. The lifetime can be
extended if the structural components have sufficient reserves Tgits can be doney assessing the

state of thesystem[4]. Thisassessment has to include the entire wind turbine, and in particular, all
the load transferring component&ne of these compuents is the tower, which is the element under
analysis in this work.

As indicated if4], the assessment of the tower has to include the comparison obtignal design
conditions with the conditions msite. One approach is tmmeasure thestresseghat the tower has
withstood over its lifetimeThe stresses on a specific point of the tower can be measured by employing
strainsensorslt is unpractical howver to install strain sensors on all points of the structuvlich
means that the response has to be estimated from a discrete set of measurements. Furthermore, it
has been observed that the use of strain sensors are less reliabldhantiér to maintain than
accelerometers over long periods of tirfg.

This motivation brings the main research question of this thesis:

GLa Al LlRaairoftsS (2 206GFAYy (GKS &adNIAYy NBaLkRyasS 7
The problem of estimating the response at unmeasured locations from a set of dismatirements
gAft 0S NBFSNNBR (2 KSNBIFTGSNI Fa awSalLkRyasS 9aday

1.2 Literature Review

1.2.1 Wind Turbinespreliminary understanding

Some basic definitions and concepts regarding wind turbines are briefly presented in this section. The
main component®f the wind turbineare shown irFigurel-1.

Wind turbines have several moving parts. The most relevant to consider for this work, besides the
rotor motion, are themotion of thenacelle, characterised by the yaw angle, and the motion of the
blades, characterised by the pitcfihe yaw angle refers to the rotation of the nacelle in order to
orientate the rotor in the wind direction. The pitch refers to the rotation of the bladesriter to
control the angle of attack of the wirtd the blades

The dynamic characterisation of the structure can be defined through the natural modes of vibrations.
These may be divided in two sets: modes related to the tower, and modes related tottre The

rotor modes refer to those that are mainly related to the bladehile the tower modes refer to those

that are mainly related to the tower vibration€oupled modes also exigh description of these
modes may be found if3]. Furthermore, in [6] an experimental identification ofhese modes is
presented.
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Figurel-1. Wind Turbine main components

Given the focus of this work on the tower response, only the tower modes will be sought to be
represented by the mechanical model. Inisted however that the response of the tower will be also
influenced by the rotor mode shapes, although to a lesser extent. The tower modes are often divided
in three directions: the foratft (FA) direction, the sidside (SS) direction and the torsiomtiiection.

The FA and SS direction modes are sketchedigarel-2. The torsional direction refers to the
torsionalmotion of the tower.

C! {{

Figurel-2. Tower mode shapes. FA and SS directions

The modal parameters of the structure vary in time as a consequence of different operational
conditions.Two conditions are highlightedhe otor speed andhe wind speed. Asliscussed 7],

the rotor speed affects mainly the rotor modes. The tower modes are not affected in a considerable
manner. The wind speed brings as a consequence an effect known as aerodgaamiag[3]. In
simple terms, the motion of the tower implies a change in both the relative velocity of the wind with
respect to theblades, and also a change in the angle of &tafcthe blades. This results in a load
which is a function of the response of the blades motion in terms of velocity. Consequently, a higher
wind speed will yield a higher aerodynamic effect.

Finally, theanalysisof the system due to the wind load has to take into account the toskexdow
effect[3]. The wind pressure is decreased locally in the presence of the tower, bothaowirand
up-wind. This means that the wingressure acting on the blades while passing through the tagver
decreagd. This brings as a consequence a harmonic load transferred to the tower every time a blade
passesn front of it. In consequence, a harmonic load is expected to occur in the taweulliples of

0 Q ,with™Q the rotor frequency (speed). Note that a harmonic loazturs alsat the rotor
frequency due to its rotation.



1.2.2 Overview on response estimation

Several methods that address the problem of response estimatwe lbeen proposed in literature.
The most relevant methods are briefly introduced as follows:

Kalman FilterArst introduced in[8] provides an algorithm to solve problems that can be formulated
by a discretestate space modeh a recursive and optimal manner. In the context of this work, it can
be applied considering a known load,lyr assuming the load being part of the noise on the process
and measurementgs].

Augmented Kalman FiltePresented in the context of structural dynamic§dh It augments the state
eqguation by including the load as part of the augmented state. The solution afterwards is obtained by
means of applying th&alman Filteto this augmented formulation. It has stability issues if measuring
acceleration only10].

Augmented Kalman FilteWith dummy measurementsConsiders the inclusion of dummy
measurements seeking to minimize the error produced from the stability issues. Propd44dl in

Dual Kalman filtef12]. It seeks to solve the problem of estimation of the load by using two phralle
Kalman Filtersone to estimate the load, and another to estimate the state considering the estimated
load. As shown ifiL3], it is outperformed by the Joint inpwiesponse estimation.

Joint hput-response estimationBased ori14], and presented in the context of structural dynamics
in [15]. It includes the load estimation as part of a Kalman Filter@ggh. The stability issues when
measuring accelerations only still prevai0].

Extension on Joint inptresponse estimationAn extension of this approach is presentedlifi] by
considering that the noise between processeson-zero, and furthermore providing a methodology

to estimate the noise covariances. The stability issues when measuring accelerations only still prevail
[10].

Modal Decomposition and Expansion (MD&Besented iffl7]. It is based only on the mode shapes
of a well calibrated finite element modelt is therefore a very simple yet effective approaci f
response estimation.

Gaussian Process Latent Force Model (GPLR&tentlyintroducedin [18] and extended if19] for

its implementation orjoint input-state-parameter estimationlt assumes a stochastic descrautifor

the load that is not limited by a white gaussian assumption, in contrast to all other Kalman Filter based
methods.It does not have stability issues when using only accelerations. It uses the Kalman filter in
order to compute posterior distributionsthis means that it yields not only the expected values
(estimations) but also the variances (uncertainty). It has been shioy&8] that this method can be
reducedto the Augmented Kalman Filter but without stability (drift) issues.

1.2.3 Response estimation in the context of wind turbines
Some case studies in tleentext of wind turbines are discussed in the following.

A first approach towards the problem of fatigue estimatiohwind turbinescan be found if20],

where the need to separate between a low frequency content (gateic loads) and high frequency
content (dynamic loads) is highlighted. This is a consequence of the nature of the loads that the
structure is subject to. The sponse estimation problem is concerned with the higher frequency
content. Though it provides a good framework for the problem of fatigue estimationnénehanical
model considered is raoversimplification of the real problem. Therefore, no relevant regson
estimation method is found.

In[21], [17]and[22] the use of MD&E towards fatigue estimation can be fo{@Ht:introduces MD&E
for estimating accelerationat one point on the structurédrom measuredacceleratims at another



point, [17] employs both accelerations and strain measurements to estimate straimd finally if22]
the last approach is combined with a low frequency &hstatic load) estimation to estimate fatigue.

In[5] a comparison is made between using Kalman Filter, Joint Input Response and MD&E to estimate
strains. Two sets of measurements are evaluated: using only acceleration measurements, and using
accelerations and strains measurements. The former, which isexesttfor this work, is observed to

be accurate in some defined frequency range when using Joint Input Response and MD&E approaches.
It is highlighted however that offline displacement estimation is required for the stability of Joint Input
Response estintn, and high-passfiltering is required for both joint input response and MD&E in
order to avoid errors in the form of low frequency components. Other works suf2Baer [24] uses

MD&E and Kalman Filtering approaches for the problem of estimating strains from acceleration
measurements, with the MD&E approach being more aceuiracomparison to Kalmdfiltering

1.3 Scope

Summarising the literature review, several methods eMistt attempt to tackle the problem of
Response Estimation. These methods can be divided in two approaklaéman Filter based
approaches, and the Modal Demposition and Expansion (MD&E) method.

Thenovel GPLFM methothas been recently proposed in the field of Structural Dynaifii8§ This
method belongs to the set oKalman Filtelapproaches and it has not yet been employed the
context ofwind turbines.

In light of this noveapproach the scope of this thesis is reduced to answering the following question:
4525848 GKS y20St Bta] @aRYWS BEAR IMYWIENRESB (I K2 R4 K
This question is restricted to the context of wind turbines and focused towards the weponent

In order to apply any response estimation method, a mechanical model that is representative of the
structure is required.

1.4 Methodology

¢CKS GSNY WAYLINR@GSaAQ aidliSR Ay GKS NBaSFNDK ljdzSa
existing methods. The assessmergxecutedundertwo points of view: theoretical and numerical.

The theoretical assessmentpgrformedby exposing theunderlying theoryof the GPLFM methqd
and by taking into account the literature review presented in sectiéh

The numerical assessment is restrictecctompare the GPLFM withe MD&Emethodgiven that it is
the only response estimation method found that falls outside the Kalman Filter based met#nats,
also given thait has been successfully implemented on wind turbingss assessment is performed
upon a simulated response angon real data obtained froman operating onshore wind turbine.
Note that the simulated response will also be usefuifastrative purposes anfbr validation ofboth
methodsemployed

The onshore wind turbine has been equipped with accelerometers and strain gangasuring
between December 202@nd January 2021IThe accelerometers will be used for the application of
the response estimation methods, and the strain gaugesseile as a reference for the numerical
results The simulated response will replicate this configuration. rEleerds used fothe analysiswill

be choserfrom the available data seto as to covethe most relevantoperating conditions of the
wind turbine. The mechanical model considered for the analysis of the onshore wind turbine is
validated using system identification.

This methodolog¥yrings as a consequence the structure of this thesis, outlined as follows:



Sectionll: Theoretical Background his section presents the underlying theory for the mechanical
model, system identification and response estimation methaaployed The error metrics
considered for the analysis of the numerical results are iafsoduced

Sectionlll: Simulation The system identification and response estimation methodsralidatedand
illustrated through a finite element model simulation.

SectionlV: Case t8dy: Onshore Wind turbineBoth response estimation methods aapplied to
measured data fronan onshore wind turbine

SectionV: ConclusionThe main results and recommendatidios future worksare presented.




2 Theoretical Framework

2.1 Mechanicamodel

This sectiotbriefly presents the required theoretical background considered for system identification
and response estimation.

2.1.1 Equation of MotiorandModal Analysis

The formulation of the Equatiaof Motion and associated Modaransformatiorare well covered in
literature (e.g.[25], [26]). The following only presents thelations usedy the system identification
andresponse estimation methods.

2.1.1.1 Equation of Motion
The equation of motion for Multi-Degee of FreedomMDOF)system is given by:

oo o Loo o % R D
where the mass, damping and stiffness matrices are represented BydﬁE N g respectively,
and the loadlocatiors are defined by-||_N 5 . Theresponse of the system is defined by

O 0 N a ,andtheloadsintimaredefined as==0 N 5 .& refersto the total number of degrees
of freedom, anct refersto the total number of loads.

2.1.1.2 Modal Transformation

Classic modal analysis starts from the assumption that the damping matrix is proportional to the mass
or stiffness matrix. Under this assumpticand considering théllowingmodal transformation:

00 05 0 % R Z;
The classical modal representation of the equation of motion is obtained:
bo o 050 Oy 0 {0 % R o
With¢5 ¥ a1 the modal coordinates, N A the massnormalised modal shape matr{ke.,
4 B, ~vgq and N A diagonal matrices formed by theatural frequencieg

and damping ratios- sothat AEACand AE A€

Often the response of a structure can ficiently representedby a subset of modes ¢ . This
is called a ModaReduction The response ithen approximated by:

00 oo » 0 %R Z
With the reduced mode shapes N 5 and modal coordinate§ ,N 4 . Furthermore, the
reduced system matricesre writtenas N 4 and N g

2.1.2 Mechanical Stat&pace Model

This sectiorpresents the state space model derived froime modal reduction of theViIDOFsystems
previously defined.

The s$ate gace model is formed by the state equation, which is an equivalent formulation of the
equation of motion,and the observation equation, whiaklates some set of observations with the
state of the system.

2.1.2.1 State Equation
Thestate equation for the reducethodalformulation isdefined agfor the derivation, see e.¢15]):
6
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Note that the response can be transformed to the origic@brdinates by multiplying with the med
shapes:

°0 > o, 0 % R Zo

>

The approximation being a consequence of using a reduced number of modes.
2.1.2.2 Observation Equation
Let« 0 ¥ a4 be a subsebf the system response
o0 Jwwo foo Jw o %D T

The matrices{|4Rf|,Rjm ™ 5 are the selection matrices for accelerationgelocities, and
displacements respectly. These relate the observed (measured) respansge of the structure with
the mechanical model. Note that represent the total number of displacements, velocities or
accelerations being measured.

Considering the modal formulation, and the equation of motion, the observatioascan be defined
in terms of the state and load applied in the systéor the derivation, see e.§15]):

0 om0l wmd %&D p
T4o '”+ m '”+ o » %D ¢
u%|1=|:| '”=|= i %&D o
With dimensionsi o™ Al v 5

2.1.3 Finite Element Model

The mechanical model is defined numerically through a finite element model. Only beam elements
areconsidered in this workbased upon EuleBernoulli beam theory. Thelementcross section used

is assumed to be circular and constahhe particular defition of the finite element is known, and

can be found for example f27]. The relevanexpressionsare summarised in the following, based
upon the information shown ifigure2-1.
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Figure2-1. Beam FiniteElement

In accordance witlrigure2-1, the nodal displacement vector is defined by:

0g 0 — 0 — %KD T
The shape functiond , and spatial derivative$ R |, are definedn terms of the local coordinatg:
4 P, ., ® %R D v
4, mpg o N&D ¢
4, mmnqg e & %D X

IR
LA A "RD Y

p W p W

The displacement or rotation at any pointthin the element is given by:

o, 4,90, %D w
—, (%ﬂ O WL, T

The element stiffness and mass matie then definedas:

o o oW o oW
) 'o o o o o N
L 0w T 0w CW 0
Cw O OoWw O (o8] HRZ P
0w C® on T
0O —0 0O ¢ % N
o1 qd o Z ¢
. XY C® ¢X PO
5O o v /) v N
i C® Yw p ® Pw % o
mUuGeX PO XU C@ A
poO  Qw CQ Yw
o) < 0O O «cof BRZ T
The strain for any point within the elemerst
- EJ o %&1 L
@ Tom

With w the distance from the neutral axis.



2.1.3.1 Selection matrices

Selection matrices can be defined with the above relatidinst note that the element vectaran be
related to the global vector througén elementselection matri>e||-N A

O la® %RZ @

Defining the location at which the response is to be evaluated will define the selection r’ﬂa,trix
which indicats what element it corresponds tar heposition within the elements controlled by .

Therefore, in the case of accelerations, the response at a given Iocati0|+|‘iamd, known) can be
expressed as:

o o, 4,0 4, {0 {0 %RZ, X
This defines the seltion matrix for the acceleratiofly ¥ s

The same can be done for the strains, assuming also a defistahcew with respect to the neutral
axis:

W (%) .
: e i T NRZ U

This defineshe selection matrix for the straif}, ¥ s

It is noted that the selection matrices defined here are for a single point in space. In the case that a
set of points in space is required (as describe2lIn2.2, each row can be definddllowing the above
expressionsln particular each row off+ is defined by{+ -as described in this section

Finally, note tlat for both cases the selection matrix can be developed for the modal response:
g TRERNS T8 %RZ
feo Hk %R T

2.2 System Identification

2.2.1 Introduction

System ldentificatiorinvolvesthe problem of estimating the dynamic properties of a structural
system. This, in practice, reduces to the problem of estimating frequencies, damping ratios and mode
shapes of a existingstructure.

In the contex of wind turbines, system identification has been successfully applied in literature (see
[28], [29]), where two methods in particular haveeén considered: covarianadriven stochastic
subspace identification (S6by [30]) and polyreference leassquares complex frequenaomain
estimator (pLSCH31]). Both methods havéoeen observed to yield similar resul®nly SSCovis
employed in this work.

One of the most relevant drawbacks of using@8V, which is also observed for pLSCF, is the need to
define the model order of the system. In simple terms, the model orderb@mannderstood as the
dimension of the system matrices (i.e., number of degrees of freedom) that are needed to represent
the structure. A more detailed explanation can be found in sec#i@2.1 The model order is not
easily defined, and even the best estimation for the model order may yield spurious modes. In order
to overcome this, the use of stabilisation diagrams is often employed in practice to distinguistaphysi
and spurious modef80]. A stabilisation diagram is a plot of the frequencies found for a wide range of
model orders. Through the stabilisation diagram, the physical modes are detected as they are

FdadzYSR (2 FLIISFEN a2YSeKIG O2yairailSchlinn® | ONR A &
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Stabilisation diagrammustbe interpreted to recover the physical mesl Several attempts have been
proposed in literature in order to automatically interpret such diagrams (see[28§.[32]). These
methods rely on cluster analysis toatsdistinguish the physical modes. It is observed also that the
success of the methods found in literature are dependent on the measuremetip and the
structure conditions.

In this work, a cluster tool useful for both manual analysis and automatic analysis is employed, called
OPTICS (Ordering Points To Identify the Clustering Stru3aie, The use of this tool in the context

of stabilisation diagrams for both manual and automatic analysis has been validg@4].iin this

work, only manual analysis of stabilisation diagrams is employed.

This sectionaims topresentthe system identification method SOV and the cluster analysis tool
OPTICS.

2.2.2 SSiCov

The covariancelriven stochastic subspace identification method {S&¥) can be found if85], [30],
[28], [36]. The following introduces the main assumptions and methodology followed for its
implementation.

The method starts from the statgpace model similar tthe one described in Sectioh1.2 but
without considering modal reduction (i.e., the state equation as the equation of motimg state
equation is therdefined by:

e 0 =0 o] ||4|t|_—c‘) %KD p
. %R

E .
= 1oL o1 HRL 0
”% _”_ %&Zj T

And the observation equation:

«0 e 0 uﬁnr_(‘) %D v
TR T R % o
b ik X

The load is neglectedand implicitlymodelledby including noise iboth the stateand observation
equation thereforethe state and observatioequationsare reduced tdin discrete notation, further
details in[30]):

° = o %D Y
« e o) %l&b W
With e N g the state vectore N A the observation vector= A Q)B%'m N q the
state matrix, 4N the output matrix,< N a4  the process noise and N a the

observation noise.

It is assumed that the noises are white gaussian processes:

Moo A 1
WM o %Z p

o L
Vo o o |r -" 1 WA ¢

1 4
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With the Delta dirac function in discrete notatidn: 1 N30 Nn30 . Furthermore, the
stochastic procese is assumed to be stationary and independent of the noise:

Ve %RZ o
Me o %ILZA T
Me = %RZ v
Ve o %N&KZ @
Finally, the output covariance matricas N 5 and the next state; output covariance matrix
AN g are definedas
®© Mo %Z X
1T Me « %I&ZNJ

Given these definitions, it can be shown (see E§], [36]) that the output covariance matrices can
be written as:

® = B %fstZroo

As mentioned in[30], this last relationship implicitly states that the outpubv@riances can be
considered as impulse responses of the system. In order to use this relationship for estimating the

system matrix=, and in consequence the dynamic properties, a Toeplitz mﬂtgx’* is
built:
® ® E e
] ® ® E e o &
s & & E & R T
® ® E o

Note that a Toeplitz matrix is characterised by repeated diagonal terms. This matrix can be expressed
as:

4
1 T = 7 = 7 E =11 %D p
e
4
oML %D ¢
LS
With @i N 5 the extended observability matrix, which can be estimated by a singular value

decomposition of the Toeplitz matrix (sg5], [30], [36]):

4 = = m T _ rio T -
fo v s 0T drome 2 %82 o
With -|| N g a diagonal matrix containing the positive singular values in descending order.

The state matrix=and the output matrixn%can then be obtained by using the pseudoinverse
and submatrices of the extended observability matrix:

= i Deig %KD T
T 083 %D v
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Finally, the system properties can be obtained by the eigenvalues of the system maémd the
modal shapes can be obtained considerting output matrix-

- “ NIXKD @
T4k L
With N E the mode shapes referred to the observed points of the structure, amd

containing the singular values , from which the frequency and damping ratio can be defined (see
[30], [28], [36)):

- a0 %KD P
T ] %D w
Yo 3
. %R Zp O

The following subsections discusses some relevant remarks regarding the application of this method.
2.2.2.1 Stabilisation Diagrams

In the above derivation, a number of singular valaesvas assumed implicitly by the dimension of
the system matrix=. In practice however, the dimension of the system matrix is not known, and in
consequence, the number of singular values is not knaveniori.

It is known that the system matrix has a dimension twice as large as the number of degrees of
freedom. Let the model ordeg be defined as the number of degrees of freedom, which in turn
means thatt ¢¢ . Note that this ensures thahe number of eigenvalues of the system matrix is
an even number.

In practice, defining a uniqgue model order for the method is likely to yield several modes that
should not be considered as physical modes: spurious modes. The solution that is ofp¢edaiddo

use several model orders, from which the physical modes can be observed to be present on most of
these model ordersToobserve this, the stabilisation diagram is used.

The stabilisation diagram is a plot of the frequencies obtaineccémh model ordeg . The name
YadlroAfArAaldAazyQ 0O02YSa FTNRY GKS FFOG GKIFIG GKS
diagram Therefore, the physical modes can be recovered by interpreting the results observed from
the stabilisation diagram.

2.2.2.2 Covariance Estimation

In order to efficiently compute the Toeplitz matri{*s, the following Hankel matrix is built by
rearranging the outputs:

« « E «

ot « E « 5

v g s & & U

Yy = oy

2 € « E « ~ 1L
pﬂ’ y E 0% I
. -~ Yol 4p p

&y
&y oS
(o] o}
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Wwith L s hiL s N q . Note that a Hankel matrix is a matrix where the antidiagonal terms
repeat. The Toeplitz matrix is then obtained as:

1¢ +s 1o W2 ¢

It is observed that, by using these expressions, the covariance matrices are estimated as:

® « % o

P
ko)
Which holds under the assumption th&® Hb. Furthermore, the number of lag&onsidered will
control the number of singular values that can be obtained from the Toeplitz matrix. As discussed in
[28], the Hankel matrix is defined by settiii@gs the minimum number of lags to find the desired model
order¢ , andthusmaximizing(n order to have the best estimation for the covariance matricem

the available observatione

2.2.3 Cluster Analysis

As discussed in sectio2.2.2.1 the physical modes are to be interpreted from tkwbilisation
diagram. Tl present section shows the methodology employed in order to efficiently interipret
This methodology is heavily influencedwlgat is proposed ifi34].

The methodology uses two stages: the first stage aims to clear the stabilization diagram by removing
spurious modes from it. The second stage aimglentify the clusters that refer to physical modes
(i.e., the stable columns).

2.2.3.1 First Stage: Clearing the stabilisation diagram

In order toclear the stabilisation diagram from (definitely) spurious modes, the following rules are
implemented:

1) Valid frequency rangée® mHQ

2) Valid damping range: N Tih-

3) Presence of conjugates for the poles and mode shapes
¢CKSNBF2NB:Z (GKS Y2RSa (KIFG R2y QG O2YLX & 6A0GK SAUGK
as spurious modes and removidm the analysis.
2.2.3.2 Second Stage: OPTICS

In order to identify the clusters (stable columns), OPTICS is used. The details of its implementation can
be found in[33]. The following procedure is a simplified approach of what has been propo§@4].in

In order to implement OPTICS, the Reachability Distaé® Geeds to be definedlodo so, two
distance measures are itduced: Distance between objed® @Q, and core distanced('x

2.2.3.2.1 Distance between objects:
The distance between objects is defined as:

. Q Q Vs e oS o
Q"AQ 0 p 0DOG h Q "QQ %A T
With "tHiQrepresentngthe frequency identified (obtained after clearing the stabilisation diagram) for
any two pair of frequencies’Q the maximum frequency allowed (defined in the previous
subsection)” A the associated complex mode shapes @né drefers to the Modal Assurance

Criterion (see e.g37]) defined as:

13



0D6& R %I Zp v

With representing the Hermitian of the vectofhe0 0 Gakes values from 0 (when there is no
consistent correspondence) to 1 (when there is perfect correspondence). The distance between
frequencies is normalizet obtain comparable values with the 6 6

Finally,Q "@Qis a measure of distande terms of the model order. If the two objects have the same
model order it takes a value of 1, otherwise it takes a value of 0. This helps in avoiding clustering
objects in the same model order.

2.2.3.2.2 Core Distance:

The core distancg ‘Qdepends on a parameter calléd’Q¢ (i whieh indicates the minimum number
of objects that a cluster should have. The core distance is the distance (meast@@by at which

0 "Q¢ Uobjétscan be found. The computation is illustratedFigure2-2. A formal expression for it
can be found if34].

y axis
y axis

X axis X axis

Figure2-2. Reachability Distance (RD) and Core Distance (CD) illustration.
(a) considering! @« k4
2.2.3.2.3 Reachability Distance and Reachability Plot:

The Reachability Distanc¥ Qis defined as the maximum between the core distance and the distance
between objects:

vyodo | A® oo d %RZp @
OPTICS uses this definition to build a reachability plot. The reachability plot is defined iteratively. In
simple words it is defined by computing the€Cbetween the (remaining) objectselecting thebject

with the minimum'Y ‘Cand excluding it from t& next step in the iteration. This defines an order for
the objects. The specific algorithm used can be four{@4i [33].

The Reachability plot is the result of using OPTICS. Clusters are identified\b{plalue regions. The
lower theY Qhe denser the cluster is (in terms of the distance previously defined).

2.2.3.2.4 Cluster detection from reachability plots

In order toefficiently detect low'Y Ovalue regions, a simplified version of what is proposej@4 is
implemented. First, steep objects need to be defined. Letdenote the difference between

consecutive objects in the reachability plot. |et — 2% Downwards steepbjectsare defined
as the objects for which , , and conversely, upwards steep objects are defined as the objects
for whichi , .

Clusters can then be defined as the elements between a downwards steep object and an upwards
steep object, as long as the number of elements that the formed cluster has ablé@st (objéts

14



2.2.3.2.5 Remarks

The main parameter to be defined to implemt OPTICS is 'Q¢ G kpldwing the recommendations
in [34], this parameter can be defined by the number of model orders that the stable columns should

A

be present at. Let the range of model orderség | A @ i EE .Then0 Q¢ (oarthe
defined as:

0QE 0 HQ ¢ % & Zp X
Where| should take at most a value [of p when the stable columns are expected to

be present across the whole range of model orders, and a lower value when the stable calemns
expected to be present only partially across the model orders.

2.2.3.3 Third Stage: Representative element

The final step of this methodology is to define a representative element from the clusters identified
in the second stage. The representative elemephigsen as the median values in frequency, damping
ratio and mode shape.

2.3 Modal Decomposition and Expansion

The MD&E can be found [h7]. The method starts by noticing that the observed accelerataamsbe
related to the modal coordinatesf a mechanical modébee sectior2.1.2.2and2.1.3.:

«o0 fe0p 0 %I Zp

It is therefore possible to estimate thacceleration modal coordinates at any point in tirbg
computing the pseuddénverse:

0p 0 '||=|=D «0 '||=|=D '||=|=D '||+D «0 %A w

Note that this requires that the number of modés considered to be less than or equal to the
number of observationg : € ¢ so as to avoid defining an underdetermined system (less
equations than unknowns).

The displacement modal coordinate is required to define the strains. This carbputed as
proposed in5], by integration in the frequency domain:

05 0 %Aomb %R T

From which the strains can be obtained:

-0 ‘”t Lo 0 W’ p
With 4|, the modalselection matrix as defineid 2.1.3.1
There arehree points thatshouldbe consideredn the implementation of this method:

1) The error (noise) of the observatianis not taken into account. This will yield errors in the
estimation of the modal coordinate depending on the amount of ndiseninimise this error,
the system is sought to be solved in a leagtiare senseoerdeterminedsystem: € ).

2) Integration in the frequency domain will amplify low frequeges.Toavoid this, the signal is
filtered after integratng.

3) lll-conditioning of the matriq|+ - may amplify the noise in the results.

15



2.4 Gaussian Process Latent Force Model

2.4.1 Introduction

The GPLFM is a model that combinesnachanicalmodel of the structure with a stochastic
characterisation of the unknown inpuf flowchart representing the main considerations for the
GPLFM is presented Higure2-3. The mechanical model represents the structure, and the equation
is as defined in sectio®.1. The stochastic modegpresents the loadandit is written in state space
form (see sectio2.4.3. The augmented model is a combination of biit mechanical and stochastic
model (®e section2.4.4. The augmented model is a stochastic differential equation for the
augmentedstate vector»T which contains the modal displacements, modedlocities,andthe state
vector for the load. Theugmentedstate vector is a stochastic variable, and in consequence the
expected value and the covariance are of relevance. The prior refers to the marginal distribution
obtained for the augmented vector at anwipt in time, and the posterior refers to the conditional
distribution of the state vector upon some information regarding the system. The posterior
distribution is computed by employing Kalman Filter and Smoothing algoritfihes.result of the
GPLFM is @refore the new marginal distribution obtained through the posterior distribution.

z(t) =F.z(t) + L.w(t)
Xm(t) = AenXm(t) + Bemp (1) p(t) = Hz(t)
aSOKIYyAQOIltf az2RS{{G420KFaasa0O az2F

l . o
Z2%(t) = Féz*@) +we(t) [! dzZ3YSY U SIR 2R 8y + Wiy

|
2NJ t 24 0G/SNR2NJ

» @%(t) = N (0,P%) 2 (28 lypn) = ¥ (26, PRy )

Fap2 + PLFaT 1 Q2 =0 YETY |Yza """""" _ pgza 7777 wa
crat dsNST aZFg“‘jrr [
{vz2z2 i RENT T

Figure2-3. GPLFM flowchart.

Thepresent sectioraims to present th&PLFM method in detailaking into account that the amount
of theoretical background required is considerala@aoutline is indicated below:

1) Gaussian Proces$aussian processes are introduced in a simplistic manner, along with
recalling someelevantproperties of the Multivaiate Normal distribution. Furthermore, two
particular gaussian processes are presented: The white gaussianamoiseprocess driven
by aMatérn covariance functie. Finally, the concegf prior and posteriois introduced.

2) Stochastic State Space Mod€&he state space model representation of a stochastic process
is presentedThe prior and posterioarerevisited in this context

3) Augmented State Space Modélhe augmentation of the mechanical and stochastic state
space models is presented. This is theecof the GPLFM method. Tipeior and posterior is
again revisited for this model

4) Parameter estimationThe hyperparameters of the stochastic load and the noise lenatst
be defined. Two methodologieso estimate these parametetare presented. Therkt falls in
line with what has been proposed in literature, and the second isogel proposed
methodology considered in this work.
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2.4.2 Gaussian Process
The aim of this section is to providesafficientunderstanding of gaussian processes.
Lett e denote the probability distribution of a random varialse

The distribution of interest in the context of this work is the Multivariate Gaussian probability
distribution (or joint normal distribution) of andom variablee ¥ a4 given by:

. ~ P p

T e oh C—TAOAQDE o o o o %R C

Wheree N g4 isthe meanand N A is the covariance matrix, formally defined as:
e Ve %K o
M e o o o %R T

WhereM corresponds to the expected value operator.

A gaussian procesd 0 can be roughly understood by considering a vector with infinitely many
elements[38], corresponding to the values that it takes in tinoed © e N g . A gaussian process
can therefore be characterised by a mean valwe © eN 8 and a covariance function

Il oo © g . The cwariance function will define the correlation between timando . This
notion is recovered by using the following notation:
wWOx : YVooh o %L v

Using infinite vectors is, of course, not feasible in practice. However, considering a discrete subset of
time, it can be reduced to a multivariate gaussian distribution.

Furthermore, it is noted that when the statistics (mean and covariance) of the gaussian process do not
vary in time it is called stationary. This implies that the mean has a constant value for all points in time:
w0 wand that the covariance function Ivdepend only on the time lafj 0 Sregardless at

which point in timeit is evaluatedll oM I t . Then, a stationary gaussian process can be written
as:

wox : vahl t %K ¢
Note that all gaussiaprocess used in this wogee stationary.
2.4.2.1 Multivariate Normal Distribution

Given the relevance of the Multivariate Gaussian distribution for Gaussian Processesbasime
properties are recalled. To do so, a simpler version of the Muititea Gaussian distribution is
considered:

7 ‘5’ - ‘I’ﬁli {( Y

w )
Note thatdanddcan be considered as vectors or as scalars.
2.4.2.1.1 Marginal Distribution

The marginal distribution can henderstood as the distribution of a variable independent of other
events. For each variable, the marginal distribution can be obtained directly from the joint
distribution:

T ® ol %R Y
I ® R NI w
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2.4.2.1.2 Conditional distribution

The conditional distribution can be understood as an update of the probability distribution when
information is known for dependant variables. Considering the simpler version above, the distribution
of the variableidcan be updated if the variableis known:

TR Ol o o o % R4 Tt
2.4.2.2 White Gaussian Noise

Afrequentlyused Gaussian Process is the White Gaussian Process. It is defined by a zebaddmean
mtwith a covariance function given iyt , 1 1.

Therefore, white noise is defined as: 0x : vl + , | T . With] refers to the Dirac
delta function.

if a discrete subset of time is consideredif® © 0 0o M 0 0 , the multivariate
probability distribution can be expressed as:

6 . .

Ty LT %R p
Considering the expressions defined for the marginal distribution:
To T om %R ¢
Furthermore, the conditional distribution is given by:
T 00 T 0 N %A o

These results indicate that at any point in time the probability distribution is theesaegardless of
the information known at any other point in time.

For simplicity, a White Gaussian Process is denoted as:

0 ox”  Th, %R AP T
It is highlighted that, does not refer to the variance directly. It refers to the spectral density. The
variance is obtained from integration of the spectral density over all frequencies, which in this case
would be infinite.In the discrete case however, the spectral density lba considered as the variance
of the marginal distribution as illustrated above:

- ~

0 x7 Th, % & 4D v
2.4.2.3 Matern32 Covariance Function

A particular covariance function is consideiadhis work named the Matern32 covariance function.
The use of this covariance function rise from the fact thavffers great flexibility in modelling
different types of random processéSee[18], [19]).

TheMatern32 covariance function is a specific function belonging to the Matérn family of covariance
functions. The general expression for the family of functions can be foUB8a]inT hespecific function
isdefined as:

3 Vio UL i
Iomi, p S %R ¢
And the spectral density given by[39]:
Y omm 20 g w8 X
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This covariance function defined not only by the time lag, but also by twdwypemparameters;, and
a . Thesehypemparameters are described as follows:

-, . known as the magnitude. It controls the amplitude of the covariance function. Notice that
I m , , which means thathe marginal distribution of the stochastic proce$sd
defined by this covariance function has a variance off 1 6 = Th,

- 0 : known as the length scaleontrols the extent of the correlationNote that, from the
covariance function, it cahe observed that for a givet a significant correlatioomay be
found up tovda . Furthermore, from the spectral density, the expected frequency content
may be considered significant up™@ pFua , which is below the hajfower point.

Figure2-4 illustrates the Matern32 covariance functian terms of the covariance function, spectral
density,and some samples to illustrate the behaviour of a process described by this covariance
function.

Covariance Function Spectral Density Samples
o Slsc | N+ 1/5lsc
2.0 2
0.8 .
z 1.5
T Z Y
T04 3 1.0 =
0.2 “05 (
-2 \//
0.0 0.0
0 2 4 6 8 10 0.0 0.5 1.0 1.5 2.0 0 4 6 8 10
T [s] f[Hz] Time [s]

Figure2-4. Matern32 covariance function, spectral density and samples.
a 4 FI,# v.
2.4.2.4 Prior and Posterior

. This charactergation of the process can be

dzy RSNEG22R a4 aSGGAy3a &aziSexpectditozhbhle @ Zfodarsahda F2 NJ (0 |
covariance given by t . The marginal distributiorr 70 =~ T1hl 1 is referred to hereafter

&4 OKSltishighighedNida (KA a RSTAYAGAZY LINRPOARSa 2yfe LI N
0SEASTFQS a AG LINPOGARSA y2 AYF2NNIFGA2Y NBII NRAY:
function for T ). Figure2-5 shows the priorthrough the mean value and the, interval of
confidencefor the Matern32 covariance function with unitary valdes, anda .

Consider a stochastic procegs6* : vyl t

g= 1[N]r lsc = 1[5]

—— mean
30

p(t) [N]
o

0 2 4 6 8 10
Time [s]

Figure2-5. Prior. Matern32 covariance function
da 4 and m L v.
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Any two points in time have a joint distribution given by:

M o . M I I 1t @ os
/o ol It © os Ionm

If the stochastic process is measured at some point in time, it is reasonable to think th& WLINJA 2 NJ
belieftshould be updatedpecause there imore information regarding the process. Updating beliefs

with the new information is the same as computing the conditional distribution on the observations.

This would update the values for the mean and covariance at any point in time. To illustratetthis,

n o f be known or in words: lethe stochastic processe measured at timed . Furthermore,

letn 0 refer to any point in timer) 0 n 0, then, using the conditional distributian

TRoS) T Ak Il RR(e %A ®

The updated distribution has a meajit and a covariancg 0 that vaiesin time. in particulag it
variesas a function of the timelag © &

. %R Y

This conditional distribution is referred teereafteras the\gosteriorQFigure2-6 shows the posterior

for the Matern32 covariance function with unitary values and considering a single obser\isiten.

that the closer to the observation, the less uncertainty there is (to the extreme of zero uncertainty at
the observed point) and the farther from the observation the more uncertainty there is (to the
extreme of recovering the prior).

0= 1[N], Isc = 1[s]

—— Real

Mean

e Obs.
30

0 2 4 6 8 10
Time [s]

Figure2-6. Posterior. Matern32 covariance function
a 4 and m L v.

2.4.3 Stochastic State Space Model

The main motivation foformulating a stochastic state space model is to be able to combine it
(augment itmathematicallywith the mechanical state space model. The reason why it was developed
however is because the computational effort requiredctaimputethe posteriorincreases rapidly with

the number of measurementsThis representation reduces the computatal cost from" ¢ to

v ¢ [39], with &€ referring to the number of measurements.

In order toconstructthe stochastistate space modelt is required to first define the gaussian process
nox: ymil t as the outpt of a Linear Time Invariant Stochastic Differential Equation. A
methodology to do so is presented [89]. The following focuses on thklatern32 covariance
function.

2.4.3.1 ContinuousTime Stochastic State Space Model

A gaussian process with a Matern32 covariance function can be expressed as the output of the
following Linear Time Invariant Stochastic Differential Equd86h

L L g . ~
no Cg nNo g no vo % R 40 Tt
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Note that it is a stochastic differential equation as it is driven by a white gaussianinasevith a
known spectral density:

. /10, g
I %20 p
This can be written as a continuctise state space model:
»O 3 Ly o] =IJ|PJ o] %R Zo C
no 1 AL 0 %R Zo o
With:
. no o
» 0 Ao %o I, 40 T
L1 P _
o (W %oy
a a
du g % & Zo @
T4 PO %20 X

2.4.3.2 Prior. Stationary solution

It is not direct how the priocan be recoveredfom the state space representation of the stochastic
process. Therefore, the prior is revisited in this context.

Notice first that » 0 is also a sichastic process, it therefore has a meard M » 0 and
covariance|f © M » 0 » 0 . Expressions that define these statistics can be found through the
stochastic state space moddi0]:

YO qpr 0 % R Zo
Fo agko Foqs 4 44 %R 20 ©
The prior can beecoveredfrom the stationary solutions of these expressidd6]. The stationary

solutions noted by» and ||- , are obtainediy imposing that the rate of change is zgy@elding the
following expressions

40 %&1) T
U B TR WD TP
By observing the first equation, it is direct that the stationary solution for the expected value is zero
’ , which relates directly with the stationary solution of the stochastic process:

nH 5 Ly 1. The second equation provides an expression that can be used to find the stationary
covariance. This equation is known as the contindtime Lyapunov equation and cadre solved
numerically. It is highlighted that the covariance of the stochastic process can therefore be obtained

asMnono ﬂ_J"I:”' ﬂL , .Inother words, the prior is regained: f 6 T,
2.4.3.3 Posterior:Kalman Filter and Smoother

Computing theposterior through the stochastic state space modeluiresdefining the discrete
version of the stochastic model, and an observation equation which will provide the information of
the system to compute the posterioBubsequently, the posteriaran becomputed recursively by
employing Kalman Filter and Smoothing.

The expressions found for the statistics can be solvethegsare ordinary differential equationghe
solution can be expressed BtO]:
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»o gt » 0 %D T C
Fo wt o mt mt i dugt 0Ot %D mo

Using discrete notation, and evaluating between time steps:

’ 30 %D T
F Ak a e %D U
With:
3 mr %KD T
| wt du, dught Qt %R T X

The expressions obtained for the statistics define an equivalent discrete version of the system
’ 30 o %D Y
Witho x~  mih|bm , uncorrelated from the states.

In order to compute the posterior, an observation equation is defirleet. some discrete set of
observations be defined as:

(%) Py i NP W
Withi x~ mhY a whitegaussian noise to represent some error in the observations.

As mentioned ir{39], the posterior can be computed by employing Kalman Filtering and Smoothing
upon the discrete model and observation equation using the stationary solutions as initial .values
Table2-1 summarises the relevant equatiorithé derivation of them can be found [89]).

Table2-1. Kalman filter andsmoother equations Stochastic model.

Time Update: Measurement Update: Smoothing:
_ . . . Ty Qg oo hfF ' . . _
T r @g ) h||- ' (bq (bq, . _” iy Ty Wy ’ hlf
I EL
AR LA E I Pk
T S O P
(] I o » o F o ,
o0 b b oF [
[ N

In words, the Time Update step computes the mean and covariance of the distribution conditional on
all past observations: » @ 4 T F1||- . The Measurement Update step computes the
mean and covariance of the distributiconditional on all past observations, including the observation
inthe current stepr » 4 Al . Note that if there are no observation this step is
omitted: » » A | . Finally, the Smoothing step computes timean and covariance of

the distribution conditional on all observations: » @ 4 " » h} . The result from the
Smoothing step ithereforethe posterior as defined i@.4.2.4 but written in discrete notation.

The regression process is illustrated-igure2-7. An unknown function is first shown in black, and a
prior belief is set by ox : v il T pO M pi .Apointisobservedand the Kalman
Filter is applied, updating points in time after the observation. Finally, the smoother is applied
update points in time before the observation.
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Figure2-7. Posterior definedthrough Kalman Filter and Smoother.

2.4.4 Augmented State Space Model

The main model that drives the GPLFM is the augmented spateesmodel. This is a combination of

the mechanical model that represents the structure, and a stochastic model that represents the load.
It is relevant to notice that the result will also be a stochastic model. In consequence a prior and a
posterior can e computed. The augmented model is described in the following.

2.4.4.1 Continuoustime Augmented State Space Model

Starting from the continuoutime state space representation of the mechanical model:

0 =0 0 ”4m 0 %D p T
Consideing only one load. Thetochastic state space modsldefined by
» 0 qp 0 dw o %&D p p
No a0 %D p
Bothstate space modelsan be combined into an augmentedrsion
e Flmesd L, &2 p o
In short notation:
F o ﬂin‘I:(‘) oF o %D p T
With o T ox ~ T[ﬁ||f$
hr E 0,,n0 %D p v

It is highlighted that the structure of this expression is complessiglogous to the stochastic state
space modepresented for the loadNote that the augmented stateT O is a stochastic variable
which contains not only the stochastic description of the load, but also a stochastic description of the
response (in terra of modal displacements and velocitieBhe stochastic description of the response

is defined taking into account the mechanical model and the stochastic description of the load. In
other words: through the augmented model.

Furthermore, it is noted thabnly one load has been defined for the augmented model. More loads
may be considered bfurther augmentation (se¢18]). The simulation and real case structure are
modelled by considering only one load, so the increased augmentation is omitted for simplicity.

2.4.4.2 Prior: Stationary solution

Similar to what was expesl in Sectior2.4.3.2 expressions for the statistics are found through the
augmented model:

%D p @
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o o ot I WRD p X
The stationary solutions can then be defined by setting the first derivative to zero:
35 %’ p Y
s O F WD p
From whichs easy to conclude that the stationary expected value is 2ero , andthe stationary
covariance|l can be found numerically by solving the continudinse Lyapunov equation.

The prior is then defined as » 0 ) ﬁ||- . It is highlighted thathis is a prior for the
augmented state. The augmentsthte has information regarding the response of the system and the
load. Therefore, defining a prior for the load defines a prior for the response.

To further illustrate this last point, note that grresponse of the system can be described from the
augmented state by means of a selection matrix. For example, the strain can be described using the
selection matrix defined i@.1.3.1

!
O 0 3 » 0 %D ¢ T
» 0

SO BRI

The response description depends on the stochastic variablé . Therefore, it is a stochastic
description of the response. As such, the statistics may be computed. In partitidamarginal
distribution, or prior, may be computed. This is illustrated by using the strain:

-6 M -0 Mg » 0O 7 M» 0 1 0 T %D ¢ p
0 M-0-0 Mg » 0» 0 3 T ||-ﬂ %KD ¢ ¢
In consequence, the prior of the strain is obtained:- 0 Yo

Note that it can be easily observed that, in general, all responses of the mechanical system loaded by
a zeremean stationary process will also be zero mean and stationary.

2.4.4.3 Posterior; Kalman Filter and Smoother

The approach is completely analogous to what ispreed in Sectio.4.3.3 First the discrete version

of the stochastic model is presented, and the observation equation that will provide the information
of the system.Subsequently, the prior can be computed recueiby using the Kalman Filter and
Smoothing equations.

The expressions found for the statistics can be solved, as these are ordinary differential equations.
The solution can be expressed as:

» O .=HII= » O %&bc o
Fo wf |Fo wf mt et Qf %D ¢ T

Using discrete notation, and evaluating between time steps:

’ 3 %D ¢ v
Ik ka3 | %D ¢ ¢

With:
7wt %D ¢ X

24



n 't i ot WD G
The expressions obtained for the statistics define an equivalent discrete version of the system:
’ 3 +) o %KD ¢ W

Tocompute the posterior, an observation equatioeeds to bedefined.Note that only part of the
augmented state is observed (accelerations). Starting from the observatioation defined in
2.1.2.2

€0 qigeg O L%gg—(‘) %D oM
Using the state space representation of the load, this can be writté@rms of the augmented state:
<o FDTo %D o p

With:
¥ o had %D 0

Furthermore, noticing that the observations are measured at discrete points in time, and that they
are not perfect, the following discrete form of the observation is employed:

] EL > %D oo

With » a stochastic variable representing the error of the measurement. This is assumed to be a
white gaussian noise» x 1Y . Withq v 5 a diagonal matrix with the variances for each
signal noise in its diagonals: .

As discussed i2.4.3.3 the posterior can be computed by using the Kalmaeaind Smoother using

the discrete form of the augmented model and the discrete form including noise of the observation
eqguation. The Kalman Filter and Smoother expressions are shown below for the augmented version.
Note that the initial values has to bie stationary solutionsn order to properly compute the
posterior.

Table2-2. Kalmanfilter and smoother equations Augmentedmodel.

Time Update: Measurement Update: Smoothing:
. . Ty o hf . .
T 9 » h ¢ . . T 0« » h
¢ Pl 4 ‘4 74 Al ¢ I
> [ -THIU
L P P SR
Tt Lo agd v E .
”- 3 ”' q |F- ”_ "_ ”_ ”_
N N L F F
[

The description of this process is analogous to what was present2d.i®.3 It is recalled that the
result from the smoothing step is the posterior, written in discrete notation:
Ty g " » A . Note that the main difference with respect tohat is described in
2.4.3.3is that the posterior is computed only on partial information of the system. This means that
the prior belief of the response of the sysatge.g., strains) can be updated by any information of the
system (e.g., accelerations).
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It is highlighted that defining the discrete version of the noise covariaﬂm(hrough the integral is
difficult and unpractical. An alternative method of commgiis by using thesolution for the
covariance irdiscrete version:

IF 1 | s rm %D o T
Noticing that the stationary solution also applies for this expression:
Fa ks [ %®&2 o v

And further noticing that the stationary covariance has been already computed by the prior (see
2.4.4.9, amore practical way to define the noise covariance is obtained:

= 3 ks F WD 0 ¢

2.4.5 Parameter Estimation

So far it has been assumed that thgpemparameters, hx  of the Matern32 covariance function that
represents the load are defined. However, given that the load is unknown, so is the covariance
function that could define it stochastically. Furthermore, the noise ledlefined throughd for the
measurements aralso unknown.

This sectiorprovides two frameworks to estimate these unknown parameters. The first one will be
referred toasMaximum A Posteriori, and it is the method suggested18y, [19], [40]. The second

method, referred as? CA GG Ay 3 GKS t NA2NJ | YR ythataihStolJoReNiRz> A & |
parameter estimation in a more intuitive and efficient manner.

2.4.5.1 Maximum A Posteriori
Let the unknown parameters be defined as the hyperparame®ers , h F|=| .

The Bayesian way of treating these unknown hyperparameters is Wkinpaat the posterior
distribution[41]:
T Pog %D o X

Only he marginal posterior distribution of the hyperparameters is of inter&his is given bjg1]:
T Pd)q, T '(LFP(',OCL,Q.CL %&Z)O'QJ

In words, this is the conditional distribution of the hyperparameters given some set of observations.
The distribution willzary depending on the hyperparameters chosen. Higher values would be obtained
if the hyperparameters choseyield a higher likelihood for this posterior distribution. This in turn
means, at least in a probabilistic sense, that the hyperparameters yiaddc rgpresentation of the
stochastic process. The objective therefore is to find the hyperparameters that maximize this
conditional distribution:

P iPATZJP(bqa %KD 0w
This is known as a Maximum A Posteriori estimi@t&]. As mentioned in the same reference,

computing thefull posterior distribution is computationally very expensive. An alternative definition
using bayes rule is considered:

T GygPTP
T @y

T PWg 87T Wy PTP %KD T T

Therefore, the Maximam A Posteriori estimate can be obtained maximizing this function:
P if@ WDy PTP %KD T p
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In order to efficiently compute this distribution (and therefore maximize it to obtain the estimates),
the following function is used:

e P lT€woyg® 111CP WD T ¢

This is called the energy function. Then, it is easy to observe that minimizing this function would yield
the Maximum APosteriori estimates:

P QEL P DT O

The advantage of using this definition, is that the energy function can be computed iteratively directly
from the Measurement Update step of the Kalmitter. This has been shown [1]:

« P . P SIT@QQﬁ g» {1 » %D T T

Which showdow the energy function is computed from the Kalman Fiisere Table2-2). Note that
the smoothing step is not required to compute it.

Note that the initial step P is defined by:
e P 1 T1CP %D T L
In words, this means that the starting value for the energy function is the negativéédigpood of
the hyperparameters. This is directly related to the prior of the hyperparameters. If no prior

knowledge is available, the distribution may be assumebeaniform over all possible values®f
whichin practice can be implemented by starting wvith P 1T

2.4.5.1.1 Remarks

The Maximum A Posteriomethod presented here has twdrawbacksFirst, given the large number

of undefined parameters (five in total, considering three accelerometetsy, difficult to have a
representation of thebehaviour of the energy function. Second, as discussé¢tigj attempting to
minimise this function through optimisation may yield a local minima instead of a global minima.
Taking into accounboth drawbacks, this method can be characterised as being unintuitive and
unpractical given the difficulty in the optimisation process. This motivates the need to deamlop
alternativemethod for parameter estimation.

2.4.5.2 Fitting the Prior and Posterior

This methodaims to define the Matern3hypemparameters and the noise levels separatele
Matern32 hypemparameters, it will be defined by ensuring that the prior belief obtained for the
measured accelerations fit well with the observations. Wherbasnoise levelg will be defined by
ensuring that the error estimated from the posteridr fits well with the error defined for the
computation of the posterio:i .

2.4.5.2.1 Fitingthe prior

The prior of the accelerations can be easily computed from the prior of the augmentedtstatgh
the observation equationlefined in SectioR.4.4.2

o Fbto %E&D T @
« q 0 %D T X
Fa weoco 5 |Fgq %D T Y

In words: the expected value of the accelerations is zero, and the covariance is gi\Herﬂ byn
particular, the variance for each channel (accelerometeryill be defined by the diagonal elements
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of this covariance matrix. It is highlighted thhe correlation between the observed points is defined
through the elements outside the diagonal.

Note that this is the prior of the accelerationghis is part of the augmented mod&lo information
of the measurements has been used other than their lmratvithin the mechanical model.

Now, taking into consideration that there are measurements available, it is possible to estimate the
variance of the observations by directly computing it from the records. This will yield a variance for
each channel; * .

Thekey of this methods to realise that the prior belief of the augmented model can be educated
through the observations. This can be realised by matching the variance obtained from the model
(prior) with the variance that can be computed from the nseaements:, . . In other words:

the prior belief should fit the data available.

It is important to realise that an exact matafay not be possible. This may be due to the mechanical
model not being sufficiently representative of the structuredae to an inaccurate estimation of the
variance from the records, amongst other reasons.

This observation motivates the fit of the prior as a maximum likelihood estimation.

For each signal, a legprmal distribution is built with the mode (peak of the distribution) being
defined by the computed variangg® . The spread of the distribution is defined arbitrarily by the
95[%] interval of confidencélhe lowerboundis defined by approximately half this value, and the
higher boundsdefined by approximately double this valdéhe exact computation of the distribution
is illustrated inFigure 2-8. Note that it uses commonly known properties of the -lgmal
distribution: referring to the mode (which is the peak of the distribution), and greferring

to the median, from which the interval of confidenbeunds can be defined.

2
— *
ﬂmodg = 0y

n(v2)]”
= e([ n(v2)] )Hmode
= 1-128.umode

Hmed

Hmed.

0.5 1.0 1.5 2.0 2.5 3.0

Figure2-8. Lognormal distribution definition.

For each signal, the best prior would be the one that maximises the associatedriogl distribution.

Given that the goal is to fit the prior to all tledbservations, what is sought is to maximidetiae log
normal distributions associated to all the channels. An efficient way to do so is by using the joint
distribution. The joint distribution can be computed by assuming that the distributions are
indeperdent, which means that the joint distribution is just the multiplication of the distributions. The
assumption of independencillows from the independent definition of the distributioon each
signal.

Therefore, the, and & hypemparameters areestimated by maximising the likelihood of this joint
distribution. This will ensure that the prior belief is a good match for the observations.
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2.4.5.2.2 Fitting the posterior

Now that the prior for the load is defined, the noiesels for each signatontained in=| , are required
to be defined.This will be realised by studying the posterior of the measured accelerations.

The acceleration measurements are related to the model through the observation equation which
includes noise:

0 25 > WD T w
An estimation for the noise processan therefore beobtained by using the expected valfer the
augmented state, obtained from the posterior

> ﬂ#v %D v T
Note that the measurements are deterministic, as the values are directly obtained from the
accelerometers.

An estimation of the variance of the noise can be obtained by ahgociated noisestimations
Therefore, an edmation of the noise matriis obtained

{ OA® %D v p
The key aspect in this method is to acknowledge that the posterior provides an estimation of the noise

covariance. Fitting the posterior translates therefore into matching the defined noisecllew'eh the
estimated noise leve .

The methodology emplgedto do so is iterativeillustrated inFigure2-9, and described as follows:

1) An arbitrary amount of noise is defined for the signals. A starting point reagken equato
the variance of the signdl OA O . Note that, unless the signal is purely noise, the real
amount of noise should blewer.

2) The posterior is computed, from which an estimation for the noise is obtaihed:
3) The noise is defined as the estimated nejse 4

4) Steps two and three are repeated until the maximum relative difference between the
variances is less than a ussefined toerance:dl A @A E Aig Ol1

: 12 \Z{igly N (0, PS L
{ G NI (46 “”3 9y R
R = var (y[k])g-[}e] Pl =y — HeZ]y max (diag{m%m}) <tol ? —&R= R
L 5
R =var (f'[k]) b 2
R=R

Figure2-9. Fitting the posterior. Iterative process
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2.5 Error Metrics

The numerical assessment is performedthyee measures of accuracy. Namely, the Mean Absolute
Error 0 6 O Time Response Assurance CriteriofiY 0),6and the relative error. The 6 @Qnd"Y'Y 0 O
are defined below using a reference sigmand associated estimatiost

0 6 Oshe g ® ® %D v C
[A) [Tt .. o
"YYO ohe —— %D Lo
[ X} [ X}

Thed 0 ‘Wvill yield the error on average of the estimated time signal, and ¥i¥ 0 yields a measure
of correlation of the time signals.”X'Y 0 v@lue closer to one indicates strong correlation, and a value
closer to zero indicates no correlation.

The relaive error will be used as a measure of accuracy for parameter estimations. Considering an
estimationwand a reference value the relative error of the variable is defined as:

. W W ~

Q T %ikPHp vt
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3Simuldion

3.1 Mechanical Model

The simulation islefined asa mechanical model of the wind turbirtbrougha finite element model
The aim of this simulation is to provide a known system from which the system identification and
response estimation can h#ustrated and validated. The finite element model is built consideaing
set of beam elements (see secti@l.3. The nacelle, rotor and blades are greatly sifigali by

considering them as an additional mass on top. The foundation is assumed to clamp the tower in the

bottom. The geometry of the toweraries in heightTocapture this geometryg  p 1T omiform beam
elements are used. Each element has aedifiit geometry defined from thaverage diameter and
thickness that the element is capturirfgigure3-1 summarises the properties of the mechanical mbde
considered.The modal properties, loadspservationsand responses are defined in the following
subsections.

. CON\Myqy
; E = 200000 [MPa]
i kg
i \De, fe

D, —

Figure3-1. Mechanical modehssumptions summarySimulation.

3.1.1 Modal properties

The definition shown above for the mechanical model does take into accountdamping. For
simplicity, a damping ratio 6f p b is considered for all modes. The damping matrix for the
system is then defined as:

o 4 % RoZp
AE &g % RbZ,

The first three mode shapes and frequencies are shovisigare3-2.
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Mode:1 Mode:2 Mode:3

f=0.171[HZz] f=1.214[Hz] f=3.495[Hz]

125 125 — 125
100 100 100
E 75 E 75 E 75
50 50 50

25 25 25

0 0 0

-10 -05 00 05 1.0 -i0 -05 00 05 1.0 -i0 -05 00 05 1.0

Figure3-2. Simulation first three modes. Mode shapes and frequencies.
Damping ratio: PF2N) Fff Y2RSad {Syaz2N)t20FrGA2ya

3.1.2 Load and response

A stochastic load is applied on top of the tower and the response is measured at three points: 1/2 of
the height, 2/3 of the height and at the top. The aim for the response estimation will be to estimate
the strain at the bottom. The satp is illustratedn Figure3-3.

The simulation is run for 700[s] sampling at 1000[Hz]. The response is obtained using Newmark
method, in particular the average acceleration variaag, it is unconditionally stabl6]. The first
100[s] arediscardedto avoid transient effects from the start of the simulation. Consequently, the
simulation covers 10[mBgi] worth of data.

PO Lop®

o iip/3(t)

—— Vg —=|

,3 . iy /2 (1)

2L/3
00t |

Figure3-3. Simulation measurement and response sgp.

The stochastic load is defined by a realisation of a zero mean gaussian process with a Matern32
covariance function with a length scale®f 1@ i and a magnitude of p TQU. The load is
shown in the time and frequency domainkigure3-4. The acceleration response is observed for the
three locations as shown lRigure3-3. Figure3-5 to Figure3-7 shows the acceleration response for

the three locationsFinally,Figure3-8 shows the strain response at the bottom.
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Figure3-4. Applied load. TimeHistory (left) and Power Spectral Density (righ8imulation.
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Figure3-5. Acceleration at L/2. Timélistory (left) and Power Spectral Density (righ§imulation.
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Figure3-6. Acceleration at 2L/3. Timéligory (left) and Power Spectral Density (rightimulation.
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Figure3-7. Acceleration at the top. Timélistory (left) and Power Spectral Density (righ§imulation.
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Figure3-8. Strain at the bottom. Time History (left) and Power Spectral Density (rigBtulation.
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3.1.3 Observations

The observationgsesample the acceleration response® ¢ 1Od& and consider an added noise
with a signato-noise ratio (Y0 Yofpd, 7@ P . The noise for each channel is then defined by a zero
mean normal distribution with a variange definedthroughthe variance of the acceleratign :

o [T ” p ~
YUY — [} 0%
U ., T[8) p I' ” .’-[8) ” sz)-
In consequence, the noise covariance matrix is defined by:
n 07 n n WL T T a )
9 T . Oy T T T&UL T pIT — % oz
i m , 0 n T pwdpp

Figure3-9 to Figure3-11lillustrate the observations. Note that the defined noiseel is higher than
the amplitude of the responsfor frequencies higher than 5[Hz].

Note that, as discussed in Sectibr2.3 the quasistatic part cannot be estimated from acceleration
measurements. Therefore, when using response estimation metfgetstions3.3 and 3.4), a high
pass Butterworth filter of order 4 with ctdff frequency’Q T "Oq is applied to the simulated
measurements (accelerations and strains).

Further noise levels are used for assessing the response estimation methods (8eftidrhe noise
levels are defined with'YO'Y pdpb hpdub hpdp b . The exact noise levels are
summarised imMable3-1.

Table3-1. Noise variancelefinition. Simulation.

U1p(t) [m/s?]

" , a , a , a
YO Y w 07 T |» Or T . O T
pgd, T® b I&T pTT X8t p Tt pBlp pTI
pdp P 8 o pmm | WY pm | p@p pT
pdu b p®X pTT |0 pTT TWITPT
pdp TP CBC P |[o@XPT | QT pT
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Figure3-9. Observation at L/2. Time History (left) and Power Spectral Density (righithulation.
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Figure3-10. Observation at 2L/3. Time History (left) and Power Spectral Density (rigithulation.
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Figure3-11. Observation at the top. Time History (left) and ®Rer Spectral Density (right)Simulation.
3.2 System Identification

3.2.1 SSiCov

The result of implementing S8bv on the simulation is presented through the stabilisation diagram
shown inFigure3-12. Model orderse¢ in the range of 10 to 75 were used. From this stabilisation
diagram, stable columns can be observed close to the first three natural frequencies of the structure:
0.17[Hz], 1.21[Hz], 3.50[Hz]. These stable coluarasought to be detected through cluster analysis.

Stablllsatlon diagram

Model Order [-]
ey
o

10.0 12.5 15.0 17.5
Frequencies [HZ]

Figure3-12. Stabilisation DiagramSimulation.

3.2.2 First Stage: Clearing the stabilisation diagram

The stabilisation diagram is cleared considering a maximum frequené@ of v Od and a
maximum damping ratio &f ¢ TP . Theresultis shown Figure3-13along with the frequency
content of the three sensors. From this cleared stabilisation diagram, the stable columns are easier to
identify.

35



Cleared Stabilisation Diagram
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Figure3-13. Cleared Stabilisation diagransimulation.

3.2.3 Second tage: Optics

In consistency with sectioR.2.3.2.5 the 0 "Q¢ Opar@meter is defined by imposing that the stable
columns should cover at least half of the diagram. Therefore: ™ O 0 Q¢ § GO The
construction of the reahability plot is shown ifrigure3-14. The subsequent definition of the steep
objects is shown inFigure3-15. The clusters are then defindtbm the set of objects between a
downwards and an upwards steep object, as showRigure3-16. The resuing clusters are shown

in the stabilisation diagram iRigure3-17. Note that these clusters accurately cover the expected
stable columns.

Reachability Plot
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Figure3-14. Reachability Plot. Simulatian
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Figure3-15. Reachability Plot, steep objects. Simulation.
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Figure3-16. Reachability Plot, clusters. Simulation.
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Figure3-17. Stabilisation Diagram, clusters. Simulation.

3.2.4 Third Stage: Representative element

The representative element is defined by the median value. Thdtseare shown ifFigure3-18 for

the frequencies and damping ratios identified, aRidure3-19 for the mode shapes. Note that the
mode shape amplitude and associated phase are normalised to the rahdd A summary is
presented inTable3-2, where the error between the identified properties and the real properties is
presented.

Mode 1 Mode 2 Mode 3
15 »  Cluster 1.50 - »  Cluster . x »  Cluster
< = Median |% = Median | F12 X «* = Median
S =1.25 = Swx T«
= = 1.00 . * = o .
2 g . ek . 2o.8 *
o a * et 2 a
E > £ o7 : - o6
o g S 0.50 e .
)0( Xx 2
01 * x x * 0.4 *
0.160 0.165 0.170 0.175 0.180 1.208 1.210 1.212 1.214 1.216 1.218 3.50 3.51 3.52 3.53
Frequencies [Hz] Frequencies [Hz] Frequencies [Hz]
Figure3-18. Representative elementdrequencies and dampingatios. Simulation.
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Figure3-19. Representative elements: Mode shap8imulation.
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Table3-2. System Identification summarySimulation.

Mode | "Q0¢ | "QOd Qp - b -p QP 00 ob
p TP X P TP X[ T Q@ PBIMT PpH VG ULV & X O P MU T

S PE P T| P& P ¢ TP X W P8I o PPULT wB WX
o) o8 wy od m ULV Oo| P8t pdto o LY w@doep

3.3 GPLFM Parameter Estimation

This section focuses @ssessing the parameter estimation methods within the GPLFM, as described
in Section2.4.5 The two methodsMaximum A Posteriori and Fitting the Prior and Posteai@
applied to the simulation results. Note thanly three modes are consideréar the mechanical model
usedin GPEM.

3.3.1 Maximum A Posteriori

The drawbacks of this method have been discuss&tl4rb.1.1 To minimise these drawbacks, only
the stochastidhyperparameters, anda are sought to be defined. The noise levels are taken as the
exact valueexposed ir8.1.3 Therefore the noise matri¥ is well defined.

The resulting surface for the energy function is showirigure3-20. From the provided zoomed
version of the energy function, the minimum might become clearer, andhitbe found for the exact
values of, anda . Exact values for the minimum are not pided however, as the analysis presented
through Figure3-20 yields enough information to discuss and compare with the other parameter
estimation method: Fitting of therior and posterior.

Energy Function Energy Function, zoom

le6
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—111000

—-112000

—113000
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Figure3-20. Energy function surfaceSimulation.

3.3.2 Fitting of the prior and posterior

As discussed in.4.4.2 fitting the priorwill yield the hypemparameters that will define the stochastic
description of the load, anda . The way that these will be defined is by ensuring thatrémsulting
prior for the accelerationss a good match with thdistribution obtained from the observation3he
first step is defining the legormal distributions for each measurement which will yield the likelihood
that the prior is a good match with the observaim The lognormal distributiors defined for each
measurement are shown iRigure3-21.
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Figure3-21. Lognormal distributionsdefinition from measurement varianceSimulation.

The joint distribution surface is shown kiigure3-22. The peak is clear and the resulting values and
relative error are summarised ifable3-3. The prior fit is illustrated ifigure3-23to Figure3-25.
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Figure3-22. Joint distribution

k)

The posterior defines the noise levels Fh The iterative process is illustrated gure 3-26. A
tolerance of 1% is chosen. The results are summaris@alite3-3. The posterior fit is illustrateth
Figure3-27 to Figure3-29 by showing the distribution of the difference betweehe acceleration
estimation and measurement: ®
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Figure3-23. Prior fit. Acceleratiorat L/2.
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Figure3-24. Prior fit. Acceleration at 2L/3
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Figure3-25. Prior fit. Acceleration at top.
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Figure3-26. Posterior fit. Iterations. Tolerance: 1[%]
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Figure3-27. Posterior fit. Estimated noise on acceleration at L/2.
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Figure3-28. Posterior fit. Estimated noise on acceleration at 2L/3.
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Figure3-29. Posterior fit. Estimated noise on acceleration at top.

Table3-3. Parameter estimation: Fitting the prior and posterior.
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3.4 Response Estimation

The response estimatiomethods are compared in this section. Several noise levels are considered in
the analysisas introduced i8.1.3

3.4.1 MD&E

The methodology described in Secti@rBis employed. Two modes are considered. The same filter
described in sectio3.1.3ls applied after integration in the frequency domain. The estimated strain is
shown inFgure 3-30 for the case with AY0 ®fpd,® P . Thed 0 ‘@nd"Y'Y O (See sectior?.5)

are summarised iffable3-6 for all noise cases.

MD&E
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FHgure 3-30. Strain estimation. MD&ESimulation.

41



3.4.2 GPLFM

The same considerations as defined3r8 are employed. The parameter estimation results are
summarised inTable3-4 for all noise levelsand inTable 3-5 for the associated relative errors.
SubsequentlyFigure3-31 shows thestrain estimation for the case with &0 "%f pd, @ P . The

0 0 @nd"Y'Y O (8ee sectiori.4) are summarised iffable3-6 for all noise cases.

Table3-4. Parameter estimation. All noise levelSimulation.
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Table3-5. Parameter estimation. All noise levels. Relative err&imulation.
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Figure3-31. Strain estimation. GPLFMsimulation.
3.4.3 Summary of results
Table3-6 shows the summary of the error metrics obtained using both methods.
Table3-6. Error Metrics. Strain estimationSimulation.
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3.5 Discussion

The system identification results, summarised able3-2, validates and illustrates the methodology
employed. Both frequencies and mode shapes are accurately obtained even for the third mode,
characterised by a high amount of noise (5égure3-5to Figure3-7). The estimation for the damping
ratio is observed to have noticeably lower accuracy, which is akmeWn issue for system
identification methods.

The parameter estimation results presentadsection3.3 illustratesadditionaldrawbacks than the
ones exposed in sectidh4.5.1.Ifor the Maximum A Posteriori method. First, the computational cost
of calculatingthe energy function was observed to be considerably higher in comparison with the
alternative method (Fitting the prior and posterior). Second, the surfadainéd for the energy
function shown inFigure3-20 illustrates the difficulty to distinguish the minima, this translates into
the need to realise a robust optimisatignmocess which adds to the computational cost of using this
procedure. It is highlighted that this methodology able toprovide a solution for parameter
estimation, the problem lies in the complexagsociated witHinding the solution.

The Fitting of the Prior and Posterior method for parameter estimatias been illustrated and
validated through the simulation results in secti8r8.2and section3.4.2 Reasonableesults were
obtained for all noise levels considered for the simulation wssrearised inTable3-5. Note that even
though the results obtained are not exact, they are shown to be accurate enough to yield good results
for response estimation (sectidh4).

As a consequence of the resutibtainedfor parameter estimation, only the Fitting of the Prior and
Posterior method is considered for the case study presentegation4.

Finally, the response estimation methode compared numerically, with the results summarised in
Table 3-6. Both methodologies yield good results, but the obtained results are observed to be
improvedwhen usinghe GPLFM methofbr all cases.
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4Case Study: Onshore Wind
Turbine

4.1 Measurement campaign

4.1.1 Structure description and sensor location

Thestructure under analysis is a three bladed horizontal axis wind turfiihe sensor locatiaand
local axes ardlustratedin Figure4-1. All sensors are mounted on the inner surface of the tower. The
acceleration sensors are bidirectional, and as showFignre4-1, the localwdirection will include a
torsional component. Four unidirectional strain gauges are mounted at the batbarbtain bending
strains.All sensors measure at a samplingduency of 20[HzB(0 18t ui ).

The wind turbine is equipped with a Supervisory Control And Data Acquisition (SCADA) system. This
system provides 10[mins.] average values of different operational conditiofifie operational
conditionsare exposedn Secion 4.1.2

The records considered are from9/Q2/2020 to 30/01/2021. Both accelerations and strain
measurements are divided into 10[nsihrecords foranalysis

OO

iy (1)

5 2000\
TF Ueop (1) 270° \J 90°
: iy /3(t) et
:_' u1/2 (t) &y (t)

0.984L : \\ 0°
0.799L - !
! : 5\ o gx(t)
0.614L[)| L pooteL 4200 N T

| [Ee O 270° 90°
: a4 ‘ " ‘s t - \O\ﬁ/
B 180°"

Figure4-1. Sensor location and local axes.
Exact sensor location relative to the heightof the tower.
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4.1.2 Operational Conditions: SCADA data

The following plots present the operational conditions associated toatreglable acceleration and
strainmeasurementsSpecifically, 10[min.] average values of: wind speed at hub height, rotor speed,

output power, seconds in operation counter, wind ditiea, yaw angle and blade pitch (for each
blade).

20

=
w

Wind Speed [m/s]
=
o

o o N ) N N
¥ ¥ Qv 3 ,19'1’ 3

Figure4-2. Wind Speed.

Figure4-3. Rotor Speed.

Figure4-4. Output Power

Figure4-5. Seconds in operation counter.

45














































































