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Abstract

Wind energy has an increasingly essential role in meeting electrical power demand and
achieving environmental sustainability. The excelleffishmre wind resource and the
need to reduce carbon emissions from electricity generaerdriving policy to
increase offshoravind generation capacitin UK waters Access and maintenance
offshore can be difficult and will be more costly than onshone availability
correspondiny lower and as a result there is a growing interest in wind turbine
condition monitoringallowing condition basedrather than responsiver schedulegd

maintenance.

Existing wind turbine condition monitoring methgdsich as vibration analysis and oil
debris detectionrequire expensive sensors. The additional costs besubstantial
consideringthe number Dturbines typically deployednioffshore wind farms and in
addition, costly expertise is generally requiredrterpret the resultsin contrast, the
potential to extend the Supervisory Control and Data Acquisition (SCADA)bdated
analysis approach is considerable and could add real value to the condition monitoring

with little or no costo the wind farm opetor.

This thesisfocuses on wind turbine condition monitorititat utilises exclusivelylata
from SCADA systems The aim is to detect incipient wind turbine operatidaalts or
failuresbefore they evolve to catastrophic failures, so that preventatetenance or
corrective action @n be scheduled in time, henceducingdowntime and potentially
preventing wider damageUseful component condition indicatoere derived by
comparingincoming operationaBCADA data withthe resultsfor relevant variablg

like component temperature that reflect component condition, defreed relevant
models trained on SCADA data from healthy wind turbine Incipient failures are
identified through anomalous behaviour the variables of interest manifest in the
SCADA data. This approach is first applied to individual wind turbines, but then

extenekd to include other wind turbinegperatingunder similar conditionso derive



component condition indicatotsrough intesmachine comparison. This is demonstrated

to facilitate significant savings inomputational effort and modebmplexitycompared

to therepetitivedevelopment oindividual turbinemodels In addition, a real time wind
turbine power curve is implemented based on SCADA data, and compared with a
referencepower curve to identify anomalous behaviour, through minor changes in the

power curve, in a timely manner.
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1. Introduction

Wind energy has developed rapydls a significant greerpower source in recent
decadesfacilitated by nnovative and cost effective technolodys is illustrated by
Figure 1-1, gobal wind power installed capacityas beenncreasng over the last few
decades and bthe end of 202 the cumulative capacity reach@82GW, a 18.7%
increase orthe installedcapacityat the end of 20111]. At time same timehe turbine
sizehas exhibitech steady increaseith commercial wind turbinesdving power rating
of up to 7.5MW for offshorepplicationg2]. Someinnovativeoffshoreturbine models

under development are gacted to generate more than 15NtWhe coming yearg3].
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Figurel-1: Global wind power cumulative capacityj [

The motivation for renewable energievelopmentwill be briefly outlined in this
chapter, followed byhe discussions of the importardgle played by wind energy in
terms ofgovernmeniolicies and industrial deploymeint the UK Particular attention
will then be paid to research justificatidrhe basics for wind turbine operation will then
be briefly introduced, followed by presentatiorof failure ratesfor turbine sub

assembliesand associated downtimes these motivate condition monitoring, which is



the subject of this thesighe thesis structure will then be outlined the following

section andny research related publications will be listed at the end of this chapter.

1.1. Renewabl e energy drivers

Themajor scaleup of therenewable energyarketin recent yearss fuelled by the
depletion of fossil fuel reserves as well as the global agreement to reduce the carbon
emission in order to tackle climate chan@he main target set byh¢ Copenhagen
Accord, @] of 2009 was to limit the global temperature increase to belaw. 2
Following this, the EUenacted the climate and energy packpgkcy, which is also
known as théR0-20-206directive, p], aiming at a20% reduction irEU greenhouse gas
emissions from 1990 levels 20% share of EU energy consungptigeneratd from
renewable resourcesd a20% improvement in the EU's energy efficiergy2020.As
part of the EU plan, the UK government has afade clear its commitment to
increasing the deployment of renewable endsgyendorsing the Renewable Eger
Directive and the UK0 s 0 b,j [@, cagreedi® 2009 to deliver 15% ofenergy
consumption from renewable sources by 2020.

Another maindriver for the deployment of renewable energy iseegy securitywhich
refers to thauninterrupted availability of energy sources at an affordable pric&he
growing penetratin of renewable power wilhelp to reduce the dependence on the
conventional energy amrotectdomesticconsumers from fossil fuel price fluctuations

contributing to a more stable and reliable national energy supply market.

1.2. The role of wind energy

In order to provide national energy securgyd meetthe agreeddecarbonisatiotargets,
Ofgem(the UK regulator) introduced tHeenewables Obligation8], as a main support
mechanisnto pronote thegrowth of largescale renewabldeploymentThis obligation
came intoeffectin 2002.It places an obligation oaligible UK electricity suppliersvia
Renewable Obligation Certificates (RO@s)generatea rising shareof electricity from
renewableresourcesAccording toreferencg 8], wind farmsin the UK, including both

onshore and offshoreyere issued withmore ROCs thamgeneratingstations based on



other renewable technologjewind based generatioalso contributed toa greater
proportion of new generating capacityhat is accredited by Ofgenthan other

technologes

Department of Energy and Climate Chan@ECC) statistics for the UK electricity
generation growth from renewable resources is illustratdelgare 1-2, which clearly
shows the rapid expansion of wind eneayer the past decade and also confirms its
increasingly importantole in contributing to the total renewable power generation and
realising the national energy security gdakcanalsobe olserved fromthis figurethat

the offshore contribution hamade an impactiuring recent yeardetails of the UK

offshore wind energy deployment plan will be presented in the following section.
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Figurel-2: Growth in electricity generation (TWh) from renewable sources in thedUK [

1.3. Motiv ation for the research

UK offshore deployment will be briefly introduced the next sectionand this then

leads on to discussion of the motivation for wind turbine condition monitoring iand
particularthe utilisation of theSupervisory Control and Data Acquisiti®BCADA) data

to determine the state of health of wind turbines



1.3.1. Offshore wind deployment in the UK
With an excellenbffshore wind resourcehe UK has nowecomethe largest offshore

wind energy market in the world with a total installed capaufig.6GW across24 wind
farmsinstalledby May 2013 [LQ]. Offshore deployment in the UK has been structured
into a series of rounds, 1 to 3.1]. Figurel-3 presents the locations pfannedoffshore

wind activities with the various rounds coloured differently and the associated

development plan is summarisedlable1-1.

Figurel-3: Offshore wind activity in the UK12]

Installations involved in Round 1 are now completed with site locations typically close
to shoreRound 2 two sites are generally larger and further from shore and some are still



under construction1fl]. Round 3 sites are far more ambitious and challenging than
Rounds 1 and 2 with considerably larger deployment zones, most of arkiah deeper
water andfurther offshore[11], as is shown inFigure 1-3. On completion of the
construction of all three rounds, together withitlextensions, the UK offshore capacity
will total 49GW as summarised rablel-1.

Round Year announce( Original capacity (GW)
(from public announcements

Round 1 2000 1.5
Round 2 2003 7.2
Round 3 2008 32.2
Scottish territorial waters 2008 6.4
Round 1 and Round 2 extensig 2009 1.7

Total 49

Tablel-1: The Crown Estateods o3 fshore win

1.3.2. dustification for wind turbine  condition monitoring
The apparenbenefit of moving offshore is the better wind profiles abowe Adarger

capacity factor iexpectedoffshoredue tohigherwind speed. Offshore wind turbines

tend to be larger than those used onshore due to the way foundation and installation
costs scaleAlso, the absence of obstacles above wsater leads toless turbulence
offshore than at he onshore sitesin addition the noise and visual intrusiomofm
offshore turbines are much less significantd this leads to greatpublic acceptance

compared to onshore turbines.

However, there is a price to pay and the largest dowrsfidaffshore wind is the
remarkablyhigh costs forinstalling andaccessing the offshore turbines duringbine
installationand maintenanceThe total costs involved ihiring the maintenancevessel
and associated personnel will be considerable,aacrdne vessel is generally required

for installation in the worst casgenariowhere component replacemestnecessary.



The analysis in referencd] indicatesa trend of increasing failure rate as turbine
capacity rises, which would also be a potential concern for the offshore turbines since

high-rating machines are preferable for the reason mentioned above.

A number of aspects, including turbine reliability,imanance strategy aradcessibility

of the site, contribute tthe turbine availability, which is defined athe percentagef

time that the system is operating properly when theawadablewind [15]. Apart from

the environmental wind condition, the generated revenue is directly related to turbine
availability. The availability for onshore turbines can reach as high as 98% since the
service organisation and tihegular maintenance actions (around 4 times in a yaar) c

be performedpromptly due to the ease of accesdb[, as can unplanned repairs
following faults orcomponent failuresin contrast, offshore availability is much lower
since the regular maintenance actionslessaffordable due to the high ceshvolved

and there can be substantial delays to unplanned repairs due to lack of access resulting
from advese weather condition®loreover,severe sea states camiper repairs due to

the higheraverage winds ani@adto morerevenue lost than for onshore turbines during

the downtimeavhen faulty turbines are inaccessible for repair
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Figurel-4: Evolution of @mponentondition withdeterioration 16|

The increasing trend for offshore deployment plus the poor offshor&laiy and
accessibility suggest the need #or effective and reliable conditiddasedmaintenance
scheme for wind turbines rather than the traditiac@hbination ofresponsiverepair

and schedulednaintenancestrategy Reference J6] utilises a so calledifF curve, as



shown inFigurel-4, to presentthe vol uti on of component dete

a specific level of deterioration as given by the curve refers to the first time at which this
deterioration can be detected, ahead of
between P and F rucial for the effective deployment of condition bassgintenance,

since it allows for improved maintenance scheduling. From an economic perspective, the
earlier the potential anomaly can be detected, the lower will be the downtime associated
with failure, and also the subsequent damage to other parts of the turbine. For example,
lack of attention to a worn bearing can resultai catastrophic failureof an entire

gearbox involving considerable cost and downtime.

Approaches that are able to identify faudt an early stage and tHaave sufficient time
for the turbine operator to make decisions regarding maintenance schdxhibng the
incipient anomaliegvolve into catastrophic failuresvould thereforebe beneficial for

reducing turbine downtime amihproving the availability.

This thesis presents two effective condition monitoring methods including a historical
states basedgrediction approach for turbine key drive train components and an
operational power curve based scheme to provide an overefewhe turbine

performance. Both approaches anpported byLO-minute SCADA data analysis.

1.3.3. Why SCADA data?
Most modern windfarms are built with aSupervisory Control and Data Acquisition

(SCADA) system, whichlogs general turbine operational and meteorological data
usually in a 1@minute averaged form for each individual wind turbine and any
meteorological masts within the wind faremd then sends these measurements in real
time to a remote central computeia a communication systeft7]. SCADA data has

been used by the power generation industries for more than 35 years, and for wind
turbine applications its role is ®upervise basic turbine operation such as the turbine
cutin, cutout and emergency stofpd). A remarkable advantage of SCADA data is that

it provides an overvievef the turbine from the rotor, such as the rotational speed and
pitch angle, to the drive train such as the gearbox oil and bearing temperatures and



power output from the generatdEnvironmental factors such as the wind speed
ambient temperatureare dso recorded in the SCADA systerfhis extensive data
provides a valuable source of information on the operational health of the turbines that

can be used as partaholistic turbine condition monitoring system.

The survey of commercially available witutbine condition monitoring systenf€MS)
available in referencelf] shows a clear trend towards vibration signals based
techniques. The vibration monitoring mBi covers the turbine drive train where
rotating machinery is involved. Other techniques such as oil debris analyses for gearbox
and fibre optic based strain measurement for blades also play important roles in

monitoring key component$hese techniquesilvbe introduced in the next chapter.

An advantageof the SCADA based condition monitoring ovieaditional CMS is the
significantly lower cost due to the lack of needeapensive sensors that are required
such as thaccelerometero acquirethe vibration signad andmetal particle senssfor

oil analysis. The SCADA data is already there so no additional costsnareed
Moreover, thergs asignificantlygreatevolume of data to be analysedth a traditional
CMS than the SCADA system andah greater requirement data storage due to the
difference intheir sampling ratesAccording to referencelp], the sampling frequency
for a vibration monitoring system exceed$0kHz while the normal SCADA system
samples at a rate of less than 0.00ZHz SCADA dataused in this thesis is tHE-

minuteaveraged value.

However, accuratdiagnosis isot alwaysachievableusingthe SCADA data due to its

low sampling rateThis weakness in analysis depth could be compensated by the width
of informationthatis provided by the SCADA datacross the kegomponentq18].

With effective and reliable approaches, SCADA datould add confidence to the
indicated results from the existing CMS, and add considerable value to wind turbine

condition monitoring with little or no cost.



1.4. Wind turbine and its reliability

Wind turbines an be categorized into 4 types according to their operating and control
strategy: stall regulated fixed speed turbines; stall regulated variable speed turbines;
pitching regulated fixed speed turbines; and the pitch regulated variable speed turbines.
Of the® the pitch regulated variable speed operation is the most popular option for
commercial turbine applicatiol.he basics for wind turbine operatiavill be briefly
introduced in this section followed by a review of failure ratesfor turbine sub

assemblieand associated downtime.

1.4.1. Wind turbine basics
The majority of modern wind turbines adopt thbl&de upwind horizontal axis concept

with pitch regulated variable speed operatibime rotor with an upwind configuration is
preferred mainly due to noise amatifue consideration3.he key components within a
gearbox driven turbine are illustrated Figure 1-5. The kinetic energy in the incident
wind is converted to mechaal energy by the rotor as the wind passes through it, and
this mechanical energy then transmitted to the turbine drive train, where the rotational
speed is stepped up by the gearbox to an appropriate lesdelédhe generator which

converts the emgy into its final electrical form.

The operating strategfor a typical pitch regulated variable speed wind turbine is
illustrated by the blue solid line iRigure 1-6, where the bunch of curved dash lines
represent the torquerotor speed characteristsiander various constant wind speeds and
the group of point linesdepics the performance for differentonstant turbine
efficiencies, with the 100% efficiency corresponding to the maximal Cp. For the low
wind speed region just above the -gutspeed, the rotor speed is constant while the
torquebuilds up. The rotational speed is then varied to trédog maxmal Cp (i.e. the
100% efficiencyline) for the various wind speeds below rated level, ensuring maximum
energy capture from the wind. The rotational speedhaintaired constantonce it
reaches its maximumalug and the torque keeps growing to increase dgbnerated
power until rategpower is reachedeyond which blade pitching commences to prevent

the torque value from further increa$imiting the turbine output to itsated power.
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The red straight line ifrigure 1-6 shows the operating strategy for a stall regulated
constant speed turbingnlike the variable speed turbines which operate optinusér

a widewind speed range, turbines with constant dptay mainly sulmptimal along its
operating line, indicating a lower overafficiency. The power generation for stall
regulated turbines at high wind speeds is limited by aerodynamicAssait shown in
this figure, the turbine becomes insensitiveviod speed changes once it enters the stall
region. During stall the blade will experience extremely high loading (mainly thrust),
requiring more stiffness and of course monassand thus highercost, which will
become a serious issue as the turbinegete largerFor this reason, pitch regulation is

morefavourablethan stall based powémitation.

The discussion above explains why variable speed operptiovides the turbine with

more flexibility under different wind conditionghan the fixed speedperationand

allows maximal turbine power generation with minimised load2#). [The doublefed
induction generator (DFIG) has become a popular choice toeadhksvariable speed
operation since the late 1990s. The variable slip in DFIG allows the variations in
rotational speed while the generated power is maintained at synchronous frequency by
feeding the generator rotor winding an AC signal with frequencwgldquhe difference
between the synchronous and rotational frequency. This patrarloop is achieved

using power electronics and accounts dprto 30% of the rated power of the turbjne

[23], giving a 30% speed range for the turbine

Synchronous generators followed fly-ratedpower converters offer anotheariable
speed solutionBy completely decouplinghe generators fronthe grid, the fully rated
converters allow more flexibility in terms of speed variatmafault isolation.

1.4.2. Turbine components failure rates and downtime
Most of thework onthe quantitative analysis of wind turbine reliability published s¢ far

such asreferences 44] and 5], are based on statistics from onshore turbiids
reliability analysis carried out b@rabtreeet al. in reference2fl] covers data from 2
large surveys of European onshore wind turbioesr 13 years including over'3800
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turbine yearsThe failure rate for different turbine components and the corresponding
downtime per failure are illustrated kgure 1-7. It can be seen from this figure that the
gearbox plays the most problematic role in both surveys in terms of downtime which can
beup to 2 weeksfollowed by generator and turbine blade, even though its failure rate is

not as high as the electrical system and electronic control.

The directdrive wind turbines were proposed in recent years in order to eliminate the
gearbox related troubleSuch a type of turbine require alargedimension generator
with multi-poles to cope with the low rotor rotational spaddwever, the configuration

of the lowspeedhigh-torque generataongethemwith the fully rated converters is rather
expensive 23], and it is also claimed by referen@g] that theaggregatdailure rate of
electricalrelated subassemblies for thieedt-drive turbinesis much higher thathatfor

the conventionaearboxdriven turbines.

Failure Rate and Downtime from 2 Large Surveys of European Onshore Wind Turbines

I I I I I I
Elertrical Systom : T ! aLWKFailure Rate, approx 6000 Turbine Years
Electrical Control BWMEP Failure Rate, approx 7800 Turbine Years
Other @LWK Downtime, approx 6000 Turbine Years
Hydraulic System - ®WMEP Downtime, approx 7800 Turbine Years
Yaw System

Rotor Hub J
Mechanical Brake E

Rotor Blades \—# 1

Gearbox 2 E E i il

Drive Train h 1

1 0.75 0.5 0.25 0 2 4 6 8 10 12 14 16
Annual failure frequency Downtime per failure (days)

Figure 1-7: Wind turbine components failure rates and the corresponding dowpgime

failure for two surveys of European onshore wind turbidg [

Similar resultsto reference 24] are obtained in reference], where the failure

statistics are further divided into minor failure which occurs frequently with downtime
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shorter than 1 daynd major failurevhich occurs less frequently with downtimenkger
than 1 day for all turbine sedissembliesThis studyfinds that the minor and major
failures account for 75% and 25% of the onshore wind turbine failure rates respectively,

leading to a respective downtime percentage obBB#95%.

The downtime foboth failure types will increase for offshore wind turbines since timely
maintenancewill not be achieved due to the difficultiesd higher costs for offshore
access.The corresponding availability is also expected to declidecording to
reference 27], the averagd technical availability for Barrowffshorewind farmin its

first year of operationvas as poor as 67.4%. Effective condition monito@pgroaches

can therefore play an important role in improvimdfshore availability and reducing
downtimeby allowing maintenance work to be scheduled ahead of anticipated .failure
Maintenance strategies such as those proposed in refer&8eanfl 29 can be
employed to ensure ehmaximal turbine availability and optimal management of the

available equipment taking account of the weather and the sea state.

1.5. Thesis overview
Thisthesis is organised to present the progress made and results obtained throughout the
PhD study.Thereare 6 chapters in total, each of which will be briefly covered as

follows.

This chaptebriefly introduces readet® background informatiomcluding the current
status of the wind energy development and the wind turbine reliability imPAportantly

theresearctemphasis on condition monitorimgjustified.

Chapter 2reviewsin somedetail the various techniques that are commonly used for
wind turbine condition monitoring. Here particular attentiors paid to techniques that

are applicable to SCADA data based analyses.

Chapter 3 proposes a rdahe conditionmonitoringapproactbased on the wind turbine
operational power curvelhis includes theeferencepower curve construction aral

reattime compason with a running operational power curve that is updated every ten
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minutes with the lategpbower curve measurement pé&wvind speed and powerYhe

proposed metholas also beeapplied topitch systentondition monitoring.

Chapter 4 applies a nonlineatate estimation techniqugNSET) to the condition
monitoring of individual turbine componeniCase studies for two key components in
the drive trainincluding the gearbox and generator are preseniéé. performancef

the techniqueinder different coditions are compareahddiscussed.

Chapter 5 extends the method described in Chapter 4 to-mmadtine application and
uses it for wind farm condition monitoringThe effect of model size on the performance

is investigatel. A modified modeis identifiedthat deliversmore reliable results.

Finally, Chapter 6 draws conclusions on the presemgsgarchincluding both the
effectiveness of the proposed methods anul gutential for improvement.

In addition, a number of appendices are attached at the end of thisthiatsislude
NSET model results that are omitted in the main chapters for the individual turbine and

multi-machine applications.

1.6. Research publications

Much of the research undertakdor this thesis was supported by the Energy
Technologies Institute (ETI) FLOW project to develop a holistic wind turbine condition
monitoring system. The project was led by Mdongensys and also included EDF,
E.ON, Romax and Seebyte. ETI encouragededmsation and publication of the
research results and throughout the period of research a fair amount of effort has been
dedicated to thisA number of journal publications and rderence papers (including

peer reviewed)resulted. They are listed below tvitthe most recent publications

presented first.

Journals

Wang Y., Infield, D. G., StephenB., Galloway S. J.,Copulabased model for wind
turbine power curve outlier rejectiohVind Energy, doi: 10.1002/we.1661, 2013.
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Wang Y., Infield, D., Supervisorycontrol and data acquisition dafaased noHinear
state estimation technique for wind turbine gearbox condition monitoRemewable
Power Generation, IET, vol.7, no.4, pp.3588, July 2013.

Conference proceedings

Wang Y., Infield, D., Multi-machine Based Wind Turbine Gearbox Condition
Monitoring Using Nonlinear State Estimation Techniga®/EA Barcelona2014.

Wang Y., Infield, D. G., StephenB., and GallowayS. J.,Power Curve Based Online
Condition Monitoring for Wind Turbine€OMADEM Helsinki 213.

StephenB., Gill, S., Galloway S., Wang Y., McMillan, D., Infield, D., Wind turbine

operation anomaly detection using copula statistt&/EA Vienna 2013.

Wang Y., Infield, D., Neural Network Modelling witiAutoregressive Inputs for Wind
Turbine Condition Monitoring SuperGen 2nd international Conference, Hangzhou
2012.

Wang Y., Infield, D., SCADA data based nonlinear state estimation technique for wind
turbine gearbox condition monitoringEWEA Copenhagen 2012.
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2. Wind turbine condition monitoring techniques

Significant effort has been made in the field of wind turbine condition monitoring
because of its poteatito improve turbine availability and reduce downtime. A common
feature of robust condition monitoring techniques is their capabilityeffidctivdy
detecting deviations from expected system performance. This chapter provides an
overview of the techniques that are commonly used for wind turbine condition
monitoring including the approaches based on turbine physics and data based modelling

that can b implemented using SCADA data.

Physical models require substantial and detailed knowledge of the engineering science
of the relevant system, or a sabsembly, to generate an accurate engineering model
that can be used for condition monitoring. Exactraaky signatures required for the
purpose of diagnosis can be extracted from such physics of failure m@&@lsin|
contrast, data based modelling makes use siEay operational measurements, and does
not rely on precise physical knowledge of the system, although a general engineering
knowledge may well guide the choice of data parameters and their acceptable range.
Most wind turbines record extensive SCADA datayst commaly every ten minutes,

so thatuseful data are available in prin@mt no cost. With an appropriate selection of
variables, data based modelling is capable of learning the complexdlationships
among the variables including any nonlingas and embedding the main system
features in the model architecture, sometimes with the aid of artificial intelligence or

machine learning techniques.

Both of these distinct approaches will be reviewed in the context of apptitatwind
turbine condtion monitoring They will be introduced and discussed in the following

sections, with particular attention to SCADA data based modelling.

2.1. System physics based techniques
Conventional physiecbased, sometimes oadl physics of failure, models are usually

constructed based on equations expressing the relevant physics, suchefaseimce
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[31], which presents a physidoasednodelof a gearbox andpplies this towind turbine
gearbox fault detectioriThe physics thatan representhe evolution of damagtr a
specific component nesdb be thoroughly understood order to construct a physically
accurate damage model that relates the applied toatihe expected fatigudamage,
and thus remaing fatigue life of the component31]. This knowledge, however, can

bedifficult to obtain insome circumstancef30].

The concept othe physicsbased modéhg is extended here to include techniques
based on physical system information and measurements that are obtained using
additional sensors and equipment. According to the survey carried out and reported in
reference 19|, vibration signal analysis, oil debris analysis, blade stragasurement

and acoustic emission could all play important roles in the condition monitoring of
commercial wind turbines. The realisation of these techniques relies on both the sensors
that collect relevant measurements and an accurate specificationsyktam, such as

the component design and fatigue life. The following sections will introduce and discuss
each of the approaches in turn.

2.1.1. Vibration signal analysis
Vibration analysis is the most commonly usedhnique fothe conditionrmonitoring of

rotatingequipmentand this is true of wind turbines in particullar the context of wind

turbine applicationyibration monitoring covers the overall turbine drive train where
rotating machinery is involved and the vibration signals are acquired from
accelerometers that are installed on or near key components such as high and low speed
bearings.Figure 2-1 illustrates atypical accelerometer layout for vibration mimming

purpossin the drive train of a wind turbine with asdage gearbox.

The collected vibration measurements usually undergo frequency based aralyises
spectrum obtained provides an explicit indication of dmenponent condition that
facilitates the fault diagnosis for specific components case of degrading quality
within the component large harmonics could appear in the spectrum or the energy
contained in the sideband of the spectrum will increase. Very detailed knowledge about
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the parameterofdrive train includingthe dimensions for eaculbassemblywithin the
gearboxand the number of gear teeth for all stages of the geasoequired in order to
gain better understanding of which part of the spectral signal corresponds to the normal

operation and which part is caused by the deterioration aotmponen{32].
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Reference 34] presentsa comprehensive evaluation of vibration techniques for wind
turbine drive train condition monitoring including the Fast Fourier Transfoepsttum
processindthatinvolves the inverse Fourier Transforrbearingenvelope analysjgand
wavelet transform, which are capable of tracking specific frequency components under
varyingrotor speed due tineir inherentability to provide better frequency resolution at
low frequencies and better time resolution at highueagies 35].

Apart from frequency domairbased techniques, anomaly detectiorancalso be
undertaken usingime series analyses of thidbration signals such aghose presented in
reference 36|, where the development of an impending gearbox bearing failure is
indicated byanincreasing trend ahetime seriesrepresentinghe enveloped high speed

shaft axial vibration amplitude signal.

2.1.2. Oil debris analysis
Oil debris analysis islsoa potentiallyusefulmethodfor monitoting gearbox condition.

It is sometimes integrated together with vibration anaktgsrovide a compte gearbox
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condition monitoring systerthat canachieve a better and more accurate detection of
gearboxfaults [36]. Debris found in the gearbox lubricant od&rncbe considered an
indication for wear or damage of gearbmxmponentswhereparticles ofdifferent size
and materiaimply different type and positiorof damage. A commonly used device, the
induction sensor, is employed to check the size and amount dérfoeis and non
ferrousdebris in the lubricating oil37]. Following particle counting, theil is usually
pumped to the filtration system t@movethe debris,before being returned tthe
gearbox.

Catastrophic Failure
i Advanccd F ai]ur_c Modc
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Figure2-2: Evolution of gearbox damage in terms of wear patrticle S&e [

The evolution of gearbox damage in terms of wear particle sizBustrated inFigure

2-2, from which it can be seen thdtet detection of large ferrous weaarticles(with

size more than 100 micronean provide an early indication gfotentialgeabox sub
assemblywear.For medum and smallparticle sizeranges, however, the increment rate
of the oil counting particles will be more informative than the absolute value of
cumulant. Reference[24] presents a exampleof gearbox intermediate shaft failure
wherethe increase in the partic{éerrous 56100 microng count increment ratprior to

the final failureindicatesthe deterioration of the intermediate shaft.
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2.1.3. Blade strain measurement
Strain measurement provides a simple and effective way to investigate blade loads and

to thus predict their remaining fatigue life. Relevant sensors can be placed on the tension
side,the compression side, the blade edge or most commonly around the blade root to
measure the blade bending moment in response to either the blade weight or the incident

wind (in plane and out of plane respectively).

A commonand traditional technique foltdmle strain measurement is to use conventional
strain gauges. These output an electrical signal corresponding to local strain and
determined by the shape of the sensor. For a typical foil strain gauge, the conducting
element in vertical direction is desiph to be much longer than in the horizontal
direction, which results in more sensitivity to conductor geometry change in the vertical
direction than the horizontal direction. The ambient temperature also acts as a very
significanterror source for the siragauge measurement since the resistance within the
strain gauge is prone to temperature changes.idedropic materials with uniform
temperaturalistributions the temperatureffect can in princif@ be eliminatel through

proper seleadbn of halt or full-bridge strain gauge configurations. These are not
however applicable to composite blad8§]] It is also claimed in referenc&3] that

strain gauges are not robust in the long term. In contrastibtieeoptic based sensor
technologyoffers a longer life time and more accurate measurements. However, their
high present cost limits the current application of such strain ga@ggsPrices are
expected to drop as the technology further matures, pticebfibre sensorare likely to

be of considerable importance for condition monitoring of wind turbitedes,

particular inindependent blade pitch control.

2.1.4. Acoustic emission
Acoustic emissionis sound emitted byan object that undergoes fatigue or stress.

Acousticmonitoringconsists of two typegassivewhere the excitation isrpduced by
the component itselanda second typavherethe excitation is externally applig82].
Condition monitoring for wind turbinblades would most likely be dfie passive type,
and the acoustic sensors are attached to the turbine compaoneets irvestigation
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using amaterialthat acts as excellent acoustic caupkuchas flexible glue with low

soundattenuation.

Acousticemissionmonitoringis strondy related tovibration monitoring[32], andsome
recentsystemsombine the two techniques to obtain a more accurate condition indicator
For example reference40] uses the combination dfiesetwo techniquegor condition
monitoring ofwind turbine gearbox and generator shAftoustic emission signals are

also used tadentify possibleéblade fatiguen critical areas such as the blade rp4t].

2.2. SCADA data based modelling

Comparedto vibration analysis oil debris analysisstrain gauge measurement and
acoustic emission that akquiredetailedengineering knowledge drknowledge of the
operatingcharacteristics of the monitored compon&EADA data based modelling
relatively eay to construct and generalizAs already mentioned, SCADA data based
techniques require no new sensors and thus are cheap to implemenncidasing
application of machine learning techniques in recent years and the diverse choices of
artificial intelligence approachdsavefacilitated SCADA data based modellirfgr the

condition monitoring of wind turbine$42].

The interrelationships between key operational parameters represented by the SCADA
data hae to beidentified (orlearred)in order to produceffective models and anomaly
detection For parametric models, such as Artificial Neural NetwoIfANNS), the
interrelationshippmongkey variables are representedthg weight and bias parameters

of each neuronand these are determindéy training on historical data For non
parametric models, shcas the Nonlinear State Estimation Technique (NSET), the
model outputs compute by calculating the similarity between each new input and the

stored historical exemplatakenfrom a healthy unit in thiscontextthe wind turbine

Numerougechniques have been successfully applied to thecAt@&ADA based wind
turbine condition monitoringsome of whiclwill be introduced in the following sections
including the ANN, Support Vector Machine (SVM), Bayesian netw@&M) and the
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NSET. All of these techniques were originally developed for other applications but are
readily applicable to wind turbine SCADA data. Relevant research resultpotential
issueswill also be discussed in more detail for each technique below. Finally, there are
condtion monitoring approaches based on operational power curves. Actually these are
a special form of SCADA data analysis. They cannot always directly identify the faulty
compnent but they can flag up a range of issues that impact on power generation
perfomance. Such approaches provide a simple and effective meanenitr the

overall turbine status in general and will be presented at the end of this chapter.

2.2.1. Artificial n eural networks
Artificial Neural Networkor Neural Network (NN) models, being biologally inspired

by the mechanism of human brgirare parametric models designed to capture data
interrelationships between input parameters and outputs using weight and bias
parameters for individual neurofdN models can be used for both data classiticat
where the outpuvariablestake values of class labels and data regression where the
outputs takecontinuousvalues.In either case,ht neuron parametsrare established
through a training process, often using the back propagation algorithm.

Figure 2-3 shows an example of multilayer femtward neural network consisting of
input layer, hidden layer and output layer, each of which comprises a group of neurons
[43]. Sometimesthe hidden layer could consist of more than one layggure 2-4
illustrates the innertructure of an elementary neuron wh&eepresents the number of
elements in input vectpW andb are weight vector and bias of the neuron, respectively.
The weighted sum is then input into a transfer functipto generate neuron outpat
which isfed as input to the neurons in next layer until reaching the output [Kgler

The most commonly used three transfer functions for multilayer neural network model
are logsigmoid transfer function, the taaigmoid transfer function and linear transfer
function, the algebraic algorithms and corresponding graphs of which are tabnlated
Table2-1.
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Figure2-3: Feedforwardneural network model architectuegample/43]
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Figure2-4: Inner structure of a general neuron wkimputs[44]

Unlike the feedforward neural network where albncurreninformation flow transmits
uni-directionally from inputs nodeto outputs, the recurrent neural netwakables
dynamic temporal fopcessingby utilizing an internal state with memotg take into
account the historical inputhrough feedback loopg45]. And the NN models have
achievel a significant breakthrough in model accurdyyemployng back propagation
techniqueswhich iteratively adjust the weights and biases in each neurarde to
minimise the output errof46]. A list of either gradient or Jacobin basdeck
propagationalgorithms with their detailed descriptions foIN model training is

presented in44]. Among all the training functions provided, the Levenbil@rquardt
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algorithm is claimed to be the fastest algorithm for small networks, btitsa

appropriate for large networks due to its requirement of more memory and computation

time.
Transfer function algorithm | Transfer function illustratior
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Table2-1: Three commonly used transfer functiomshe neurons of NMhodek [47]

As is shown inFigure 2-3, the number of neurons in the input and output layers is
determined by theumber of input and output variables that are relevant for a given
problem, hence these are treated as fixed in model construdtsofor how many
neurons should be chosen for thidden layerthe general rule is that the neuron number
shoud not be todarge as this calead to oveffitting of the model and cause failure to
model generalization, and also not too small as this will result in model-fitichey.
Reference 48] suggests the hidden layer size should to be betweehahand three
times the inputs size, and referend8] [proposes an optimal hidden neuron76f6 of

the input variables number, neither of which is commonly accepted due to insufficient
theoreticalfoundation In practice, thechoice of the number ohidden layemeurons

involves experience and experimeb@]f
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NN modelshave beemwidely employedn wind turbine condition monitoringesearch

due to their ability to model nonlinear dynamic process and efficiently resolve pattern
recognition issues5fl, 52]. References 3] and 4] both present successful wind
turbine gearbox fault diagnosis examples udiiy models with a thredyer structure.

The former identifies gearbox anomalies through model learning and comparison with
turbine performance data based @amdpox cooling oil temperature taken from SCADA
data, and the latter employs 9 vibration signals from a gearbox, in vertical, horizontal

and axial directions, as model inputs.

Despite of its robustness in nonlinear statistical identification and relaiolesarning,

care is required during model construction and training. Issues such as local minima in
gradient descent algorithm and extrapolation limitations in model estimation have
already gained awareness for different neural network model applicdRefesenced5)
invesigates the local minima issue néural networksn using the back propagation
algorithm and proposes some sufficient conditions for robust solutions. Refebéhce |
provides an insight into the neural network masteucture and gives an explanation of

its limited extrapolation capability.

Apart fromthe common issues mentioned above, neural network swmdslalso suffer

from performance limitation with specific reference to models including autoregressive
inputs.The main purpose for introducing autoregressive lag terravaifiable in a time
series is to feed information to current or future value estimation femantly past
values[57]. The success of Markov modelling underpins this approach. Successful
identifications of incipient turbine anomalies are demonstrated in B&hahd B9,

both of which employ autoregressive input$he dfect of including autoregressive
inputs on model performance is investigated in refereb@e lhpased on the identical NN
model presented in referenceg]. A potential but not conclusive issue of unreliability
has been pointed out ireference §0] for such models due to thHeeavily weighted
autoregressive termsequiringa more cautbus approach tenodel construction and

training
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2.2.2. Support vector machine
The sipport vectormachine (SVM) is a relatively new machine learning technique

proposed byVapnik in 1995. It is capable of data pattemrecognition such as
classification, and regression for nonlinear and high dimensional data, similar to the NN
model. However, ulike the NN model whose architecture and various associated
parameters need to be found, the SVM requires few parametelis aot proneto
identification offalse(local) minima due to optimizatiorusing aconvex function during
training [61]. The basic idea dhe SVM is to map the input vectorkdt are not fully
linearly separablento a feature space with a higher dimension where optseaphration

of the mapped datanbe achieved using hyperplangs?).
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Figure2-5: A simple exanple of 2dimensionalinearly separableataseparatedy a
line [63]

An example of2-dimensionalinearly separabladatais illustrated inFigure 2-5, where
the empty and filled circles represent two different data clagdese are infinite
choices of lines that could be used deparatethe two classes and SVM uses the
maximummargin line, as shown iRigure 2-5, which allows for noise and hgseatest

toleranceto errors in the datan either sideThe data points closeto theseparatindine
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are the support vectors, as shown bylib&lly circled points, which define the upper
and lower decision boundaries for each data clashe generalizedseparating
hypeplane andassociated regionsor different classes in higher dimensions are
expressed by Equatiof2-1), (2-2) and(2-3).

~

T e @ T ()

~

T g @ p (22

T g O p (23
whereW andb arethe parameters that define the hyperplane, and vecisrnormal to
the planeFor each inpuk;, there is a corresponding outputhat belongs to one of the
two classes, i.ey; = 1 for Equations(2-2) or 1 for Equations(2-3). Therefore

Equationg2-2) and(2-3) can be combined intBquation(2-4) below.
O ge © p T (24

Themargin is defined to be the distance between the upper and lower boundaries, which

is ;Eaccording tovector geometry&r £need to be minimised in order to achieve the
2l

maximal margin, which igquivalentto minimising- 4 &£, [64]. This use of this term
providesa quadratic optimisationith unambiguous global minimum and no local
minima, due to itsconvex form. The parametersre conventionallysolved usinga
Lagrangealgorithmbased on the training datand carthen be used to classify further

testing data.
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(a) Non-lineardata in original spac¢b) Linearlyseparabl@lata in feature space
Figure 2-6: Dataseparatiorby transferringnto featurespacewith higher dimensiond3]

In reality most othetrainingdata are usually naompletelylinearly separablesuch as
the case shown irfrigure 2-6(a), where the red hollow points and the blue solid points
represent two different classds. this caseno straight lines can be used in the two
dimensional space tperfectly separat¢hesetwo groups.However, the data would
become linearlyseparableby being transferredinto a higherdimensionality space,
which is known as the feature space, using a proper nonlinear kernel funétiéia e ,
anda separatindiyperplane can be found to aeh theseparatiortask as illustrateth
Figure 2-6(b). Some common choices fdernel functionanclude the Gaussian radial

basis kernel, the polynomial kernel ahée sigmoid kerneld4].

In the cases wheremisclassificationsexist for a very small populatiomandomly
distributedin the training data, the kernapproach to xact separation of dataould
probablylead to oveffitting and hence lack of genem@bplicability, anda soft margin is
employedin such situationgy introducing a positive slackariable , , to relax the
constraints of thedecision boundaries as showm Equations(2-5) and (2-6). The
associateabjective function is also modified to Equatid@s7), where the second term

is a regularizationerm which constrains the model complexity and hence prevert over
fitting andparametelC indicates the compromse between the slack variable penalty and

the margin sized4).
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T #e w p , fory=1 (2-5)
T g o p , fory= 1 (2-6)
min-A; £ 6B, sty ge @ p , 1 (27

For SVM to perform regression, a realued andcontinuousoutput is obtained using
Equation(2-8) based on the training dafawo slack variable penalties, and, , are
used to indicatehe position of the observations, i.e. whether above or below the
hyperplane respectively, and tberrespondingbjective isexpressed by Equatid2-9)
[64]:

O T ge (2-8)
min -&: &£ 0B, , s.t., T, , n (2-9)

SVMs have been extensively applied to many domains ranging from image and text
detectionandcategorizatior65] to astronomy §6]. The use of SVM for fault detection
started in 1999 and the associated detecimuracy was found to bmproved,[67].
Widodo et al present a review of the SVM applications to the diagnosis for roller
bearings, induction machines, turbayguanda number of other mechanicakchinery

in reference§8].

A successful SVM based fault diagnosis for a didette wind turbine is presented in
reference 9], in which the timedomain vibration signals from turbine main shaft under
five different failure modes are used as model inputs. The SVM model is trained by
eshblishing a mappingelation between the characteristic input vectors and the
corresponding failure type&eference 70] presents a study of gear fault detection t
compare the model performance of ANN and SVM based on thediimain vibration
signals.The comparisons are implemented under different load condiéindsnodel

configurations, and the results for most of the cases demonstrate a better classification
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accuracyusingSVM. It is also claimed that for all the cases considered the training time

for SVM is muchreducedcompared to ANN modsl

Until now not much research has been dosig SVM analysis ofSCADA datafor
condtion monitoring Considering the excellent performanceviewedabove and its
capability of data feature extraction without too much gaskndknowledgedue to its
artificial intelligence nature, SVMsshould be readily applicable to wind turbine
condition monitoring usingCADA data.Of course there are other techniques such as
k-nearest neighbour and random forest modelling that have found successful

applications to wind turbine condition monitoring as presented in referen&<].

2.2.3. Bayesian network s
Bayesian networks (BNs) can be used to conspumbabilistic graphical modglthat

repregnt thecausal relationships amoragset of randonvariables (RVs). Adirected
acyclic diagramis utilised where eachvariable is representecby a node[73]. In
diagnostic models the nodes can be categorized into root causes orefadéaces or

tests, ¥4], and directed arrows are used to indicate the cause and effect relationship
between these nodes, pointing from the root cause (parent node) to its effect (child node)
[75]. For diagnosis purpose a conditional probability tabledamditional probability
function inthe case otontinuousRVs), obtained by either learning from the existing
data orfrom expert knowledge, is required for each node, where alpdissibilities for

all of its parent nodes (if tlyeexis) should beincluded. Based on these statistics the
probability ofa root cause, denot€t] conditional uportest result&evidence observed,

is0 60, which is also known athe posterior.It canbe inferred from the priof) 6 ,

and the likelihood ratio) O 70 O , using Bayes rule, which is expressed in
Equation(2-10),

. 06 00D
) _ 2-10
0 60 ™5 (2-10)

A simple example of a discrete BN with binary valued RVs is presentédure 2-7, in

which the causalitieselating four variables, including cloudy, sprinkler, rain and wet
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grass, are illustrated together with the associatedditioral) probability tablesThe
eventdeing cloudy has an effect on the status of sprinkler and rain, both of which
directly determine whether the grass would be wet or Agtnentioned above, all the
possible outcomes from the parent nodes should be considered torib#ioral
probability tables for theirchildren nodes, which results in*2= 2 conditons for the
nodesésprinkle®anddaing and 2 = 4 conditions for nodévet grasé Applications of
Baye®rule tocalculate the probability of specific evens u ¢ hbeiagscloudygiven

the grass is wétbased on observed evidence, are presented in detail in reféfénce [

Figure2-7: A discreteBayesian network exampl&3)

The Bayesian network model is capable of dealing with missing data, thus allowing it to
be widely applied75]. A successfuapplicationof the BN model to detect and locate an
anomaly ofthe electrical pitching systeof wind turbine blade is presentedreference

[77], where a combination of I@inute SCADA data and-4&econd alarm signals are
used in the BN model reasoning and thependencieamong differentvariablesare
established using the binary valued conditional probability table as shdvigune 2-7.
Additionally, the BN model has been extended to wind resource estim@adaet al.

propose a BN basegrobabilisticmodel in reference7B] for prediction of longterm
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wind speechistogram and the associated power generation, whielm essential pre
requisite to wind farm site assessment. The wind speed histogram is estimated based on

the wind speed and wind direction measurements from three reference sites nearby.

Unlike the Bayesian network which presents the causality of random variables under the
concurrent state, a dynamic Bayesian network (DBN) also takes account of the effect
from historical states of a variable on its concurrent state as in the Markov mgdellin
with memory.By includingdynamic nodes in the extended state space, the DBN is able
to integrate the degradation mechanisms of a specific system to its probabilistic model,
thus enabling prognosis of system anomali&3. [The dependencies on the historical
states in a DBN can be obtained by either learning from the existing data or expert
knowledge as in a Bayesian network.

Reference §0] presents the application of both BIdDBN to condition monitoring of

wind turbine gearbox, with supporting evidence from both the ice sensing and oil debris
information. The Bayesian etwork is implemented in Labview for online diagnosis by
importing the reatime signals from the ice sensor and particle sensor that are installed
on the physical test rigihe DBN is used for further prognosis of gearbox anomalies by
including historical states for differentvariablesandthe associatedependenciem the

directed acycligraph.

The construction of the conditiahprobability table(or function) for the child node is
based on the combination of each single state from all of its parées,nehich results

in an exponential scaling up of the model complexity with the associated number of
parent variables. Another problem is that the observations required for fault reasoning
are sometimes indirect or costy4]. The exponential scaling pattern and difficulties in
implementing the diagnostic tests limit the application of the BN and B&hagnostic

and prognostic toolso complex problems, theraf® the BN and DBN variables based

on which the diagnostic tests are performed must be selected efficiendffectd/ely.
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2.2.4. Nonlinear state estimation technique
The Nonlinear State Estimation Technique (NSEBs originally proposed ankas

beensuccessfily applied for nuclear power plant condition monitori8g][ It provides
a state basd vector recognition technique which the state vectors consist lustorical
sensor readirggat a specific time stamp for variables that are closely related to the

model.

Unlike parametric models, such & ANN and SVM, whose model parameters need to
be fitted through the training proce®SET is a nofparametric model thdearns data
relationships bydirectly computing the similarity between the input signals and the
historical state vectorthat model thebehaviourof the relevant systemA so called
training data are used to select the representstéte vectorsvhich are therstoredin a
memory matrix, usually a subset of the training set, for furtheandmodel estimation

For both the parametric and nparametric modelshe available data are divided into
three parts, namelyhe training datavalidatingdatg and testing data. The former two

are both chosen from operational data where the wind turbine is known to be healthy,
whilst the latter contains potential turbine anomalegpient faultsthat the condition

monitoring system is seeking to identify

Despiteof the fact that parametric models require relatively tessputationakffort for
output estimation than ngwarametric models since the modethitecturehas been
defined upfront, a big advantage @ie nonparametric models over the pardrnteones

is the ease of modificationf the embedded functional relationship in case of changes in
operating regionRetraining is requiredf parametrianodelsareto take into accourgny
changes in the functional relationshipetween variablesorrespading to a new
operating state For example a NMhodel mayrequireextensive computational effaid

be retrainecand may produce inconsistent results due to random initialization and the
issue ofinherent local minima[82]. In contrast, noiparametric mods| such as the
NSET, @an easilyadaptcontinuouslyto changes in operating regidsy the simple
addition ofassociated state vectors into the memory mg8i.
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The ease of use and tlmmormouspotential of NSET for wind turbine condition
monitoring based orthe successful application to health monitoring of theclear
plants [81], and rotationamachinery[83], are reflected in its selection toonitor the

key turbine componenta the research presentedater chapters.

The NSETis used for SCADA data based anomaly detecticavaind turbine gnerator

in reference 84], using the generator windingemperatureas the condition indicator.
The memory matrix in this wonkasconstructed using a proposedistaector selection
algorithm andalthoughthe selected candidatectorsare limited toa small proportion

of theavailabletraining settheycovermost effectiveljthe complete operating regiom
the turbine A varietyof nonlinear functions can be usedtasnonlinear operatdior the
model output estimatiorut the Euclideardistanceis most commonly used, as it is in
reference 84], due to its excellent performance @&sentedn reference §5). Hines et

al. take the nonlinear operator in referer®@ [n the form of a Gaussian kernel function
which requires an extrbandwidth parameter to be optimized during model output
estimation It is also claimed by referencgq] that the impact of operator choice on the
algorithm performance is insignificarfor this reason the Euclidean distancemigst
oftenretained as the nonlinear operator due taiitgplicity, see for exampleeference
[87], which presents auccessfulNSET application to turbine gearbox anomaly
identificationusingthe SCADA dataThe threshld for anomalydetection in reference
[84] is set to ararbitrarymultiple ofthe maximal validating residual, whereas reference
[87] usesthe more rigorousWelchs hypothesis test to identifany significant
performance deviations based on the NSET mestnation Reference 40| utilizes a
Gaussian error function to measure the probabilitdetecting a actualanomalyin the

context offalse alarrs.

It should be noted that NSET has been proposed and preserntiedfannt of an auto

associative model in all the relevant works mentioned alboweaan be seen from the
schematic diagram for an atégsociative model irFigure 2-8 that the outputs are
designed to emulate its inputs ovarappropriatelynamic rangg 82]. State vectors that

represent the dynamic system in normal operation are selected doueimgemory
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matrix construction. Based on the learned relationshgnbdel is capable of denoising
the inputs/observations which may contain noiseradltect a systemanomaly and
producing thetrue values of parameters that correspond to sysbgerationunder
normal conditionsThesefault-free model outputsanthen be usetb detect anomalous
behaviour through their deviatidinom operational data (observations) wititipient

faults

w——> —> 0
: Model :
W — > ®

Figure2-8: Schematic diagram for an at#issociative model

The research carried out in this thesikesreference[79] as its starting point. Early
thesis work was repatl in reference[87], and this will be presented in Chaptet,
whereNSET basedondition monitoringmethodologiesand associated algorithrsll

be detailed Model performance under different situatiomsid aso the impactof
additional state vectors and reduced input variables, will also be disengbedcont&t

of applications to anomaly detectifor awind turbine gearbox and generatasingthe
10-miniute SCADA dataThe individual turbineconditionmonitoring method based on
NSET will then be extended to a muftiachine application in Chpater 5 using the same
case studies.

2.2.5. Operational power curve based techniques
The relationship between wind turbine power output and the corresponding wind speed

experienced by the turbine rotdefinesa wind turbine power curyand thisprovides a
fundamental but important metmath whichto identify the operational health of a wind
turbine. A key attraction for condition monitoring purposes is ploater curvescan be
calculated with an acceptable degree of accuracy using the already available wind farm

SCADA data.SCADA datais normally collected atl0 minute intervals and thus is
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compatible in this important regard with IEC Standard&g],[ for power curve

calculation.

To date power curves have mainly been used by developers (the purchasers of the
turbines) to ensure that the turbines supplied byotiginal equpment manufacturer
(OEMs)conform t o t heir speci ficati on, of which
essential partwith the aid of proper techniqueegularly updated power curvesin

also provide a convenient means by which to identify whegperational wind turloies

continue to function well.

The nonparametric-kearest neighbour (kNN) algorithm is utilized in referenég fo
construct the reference power curve forfurther anomaly identificationbased on
exemplar training datkom individual turbine The same algorithm has been extended
in reference 9 to construct a wind farntevel reference in ordeio monitor the general
operatioml status for the complete sitén this extended usegrincipal component
analysis, P0O], wasused in combination with the KNN algorithm to reduce the dimension
of the input data by selecting only the most informative wind speed components. The
drawback ofthe KNN approachis not only the computational burden involved, which
becomessignificant for large training data sets, as impliedd€],[ but also the fact that
the original data is transformed by thexkeraging process, which replaces triginal
data with the averaged value from the k nearest points.

Reference 91] treats the relationship between wind speed and power output across the
wind farm & stochastic and develops a probability distribution of wind farm power

generation in terms of wind speed and wind direction, based on conditional kernel
density estimation. The resulting distribution could be used by power system operators

to model expeed power production.

Identification of blade and yaw system faults based on the monitoring of power curves
are documented in referen@?], where aCopula model based method is employed for
reference power curve construction due to its excellent performance in characterising

nonlinear relationshg such as thabetween wind speed and the power outpst
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represented by the power curvand a sequentigorobability ratio test is used for

anomalyidentification

A similar approach is followenh reference 93], wherethe édnethod of bis &s specified

by the IECstandards used to form thpowercurve, anda Copula based model is used
to clean the power curve measuremdntsautomatically removing outlieiis order to
achieve a morgrecisereferencecurve. Abin by bin statistical comparisonthrough
hypothesiséstingis undertakerto facilitatetheidentification ofanomaliesand these are
interpreed using aproposed power curve fault logitinlike reference 92], which
transfers the power curve measurement data into the Copula domamgrthenalyses
the power curve performandatain the original measurement domain, thus providing a
more meanigful and straightforward interpretatioffhis researchhas been further

extended and will be presented in Chapter 3.

Schlechtingeret al. presenta comparative study of four techniques for turbine power
curve based monitoring ireferencg94], including clustercentrefuzzy logic,an ANN
model,a KNN model andan adaptive neurduzzy interference systenThis highlights
the adaptive neurfuzzy interference systerto be the most effectivef the four
techniqus. The model based on the selected technique is then improvettdguicing

two additionalparametersambient temperaturand wind direction.

One of thepotential issues of power curve based analyses i$ tha wind speed
measuremestavailable in the SCADA data se&tgl not in general comply with thiEEC
standardfor power curve determinatiofror instance, the standasgecifiesa preferred
meteorological mast position at a distance of 2.5 rotor diametawvind of the wind
turbine, whereas the SCADA wind speed dasarecorded usinga nacelle mounted
anemometer whicls located immedialy behind the rotor and suffers from wind speed
loss and added turbulencdue tothe turbine wake.The correctiorof suchwind speed
measuremest and correspondindata pre-processingwill be discussed irthe next
chapter.The authors inreference[94] have pointed out the significance of ambient

temperature on model performance due to its impact on power ¢ltpugh air density
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It is preferable to follow the IEC performance standamd ancorporatethe effectof
ambient temperaturiey makingan air density correctionThiswill also be presented in
the next chapter.

2.3. Chapter summary

This chapterhas provided aoverview of the commonly used physics based techniques
andalso machine leaing/artificial intelligencebased data mining methods. drder to

be effective, wind turbine condition monitoringust be based orobust techniques
capable of producing accurate and reliaf@suls, thusfacilitating timely detection of
anomales that can be interpreted as incipiefatult. Different techniquesre available
and the correct choicer condition monitoring purposewill depend on the nature of

the available datandexpertdomainknowledge

It should be noted though, that althoughbchresearch habeen published on SCADA
based condition monitoring, there are few commercial applications. Wind farm operators
remain rather sceptical about the benefitsS&ADA basedcondition monitoring and
worry about a propensity of such systems to flgg numerous false alarm3he
following chapters will demonstrate the effectiveness of SCADA based techniques and

hence showhe potentialfor SCADA basedondition monitoring

The NSET techniqubasbeenidentified as promising early on in this reseaactd will

be further explored in Chapters 4 andlt5requires less domain knowledge than the
physics based techniques during application due to its data mining nature, and it requires
much less effort for modification® reflect time dependent changasthe functional
relationshipbetween key variabde associated for example with changes in operating
regime, compared to theeffort to retrain parametric model€?ower curve based
condition monitoring for wind turbinebas been introduced, and wile taken up in

more detail in Chaptes.
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3. Power curve based wind turbine condition monitoring

Power curve measurementom the SCADA systenprovide a conventional and
effective means of assessing the performance of a wind turbine, both commercially and
technically. Increasingly high wind penetration in power systems and offshore
accessibility isses make it even more important to monitor the condition and
performance of wind turbines based on timely and accurate wind speed and power

measurements.
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Figure3-1: Typicalmanufacturées s power cur ve

An example ofmanufactureis power curve for gpitch regulatedcommercial wind
turbine with rated power of 2.3MW is shownHkigure3-1, where the cuin and cutout

wind speeds of this specific wind turbine are 3m/s and 25m/s respectively, and the
relationship between wind speed and output power shows the usual nonlinear features.
No power productiofrom the turbinds availablefor wind speed below thcutin and

above the cubut values.For wind speedn therangebetweerthe cutin and rateadvind
speedlevel, the central controllemaintainsthe turbine operation at an optimal power
coefficientby controlling the generator torquendthe turbine output powes limited to

rated power above thrated wind speed by adjusting thi@adepitch angleg95].
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This chapter will first introduce the poweamwurve basics and the associated data
correction and uncertainty presentatidnCopulabased joint probability modeWwhich

is capalte of capturing the complex nonlinegglationship betweethe power output and
wind speedwill then be employed toxelude the outliersin the reference data. This will
lead to more reliable subsequent fault detection, which involveslaydim basedeat

time power curve comparison method. general fault logic will be outlined for
interpreting aspects of power curve deiors, followed by a case study of successful
detection of yaw misalignmemd demonstrate the effectivenesstod proposed method.
Finally the application of the proposed method to pitch performance condition

monitoring will also be briefly discussed.

3.1. Data pre-processing and power curve presentation
Measurements retrieved from the SCADA system consist -ofhihOte averaged values
of nacelle anemometewrind speed, turbine power output, ambient temperature and
atmospheric pressure. The latter two measerds determine the air density, to
which the power in the wind is proportional, and to whibk turbine power outpuP,
can be assumed to peoportionalfor belowrated operation

6 2vos @

C

whereR represents the radius of turbine roteis thefree wind speed experienced by

the rotorwhich is different from thenacelle anemometer measuremamd C, indicates
the power coefficient.

The wind speed measurement from the nacelle anemometer needs to be corrected to the
free-stream rotor wind speed in order to reflect the actual relationship with the turbine
output power as expressed in Equaii®i). In order to make fair comparisons between
operational power curvedhd acquired power curve measurements also required to

be correctedo standard air density conditions g1l&nd 101.32kPa). The detils for

both of these corrections will be shown in following sgttions. And the biaveraged
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power curve based on the corrected data will be presented in Section 3.1.3 with the error

bars indicating the uncertaindgsociated with the data.

3.1.1. Nacelle anemometer wind speed correction
The accurate measurement of wind speed is essential for the reliability of both the

annual energy production estimation and power curve performance tests. The IEC
standard 88] specifies that the meteorological mast position should be between 2 and 4
rotor diameters upwind of the testing turbine, with a preferable distance of 2.5 rotor
diameters and at approximat¢he hub height. However, these specifications are mainly
used for initialcontractual obligation verification of th@ower performance performed

by turbine manufacturers89], and are rarely met for individual turbine measuring
purpose in reality due to the complex terrain in certain cases and the expensive cost
involved in purchasing and installing the meteorological n8gjt [

Therefore the wind farm operators tend to use the turbine nacelle anemometerasading
an alternativdor wind speed measurement collection. The nacelle anemometer reading,
however, cannot accurdyerepresent the frestream wind speed experienced by the
turbine rotor since the incident wind is disturbed by the rotor disc itself. So a wind speed
conversion from the anemometer measurement to thestire@m value is established
based on the relatiship between the anemometer and meteorological mast reagégs [

97, 98]. Referenceq7] fits a 5" order polynomial curve between these tvesiables and

states that the established relationship could only be transferred to other turbines of the
same make and type if the rotor settings and the nacelle anemometer mounting remain
unchanged plus the terrain is flat. But the authors in refer¢@6e38] claims that linear

regression is adequate for the maatelleanemometer relation.

The nacelle anemometer measurement can theoretically be approximately a third lower
than the meteorological mast reading due to the fact that wind turbines are designed to
operate at optimal for below rated region, and the valagd is related to the axial

flow induction factor, which indicates the proportion of wind speed that is slowed down

at the rotor, by Equatiof8-2), where the maximura occurs whermdo pFo[99].
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An example of relationship between the meteorological mast reading and nacelle
anemometer measurement (from the SCADA record) of wind sfreed a healthy

operational turbinehereafter referred to @ urbine B is shown inFigure3-2 in which
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a linear regression fits the datamarkablywell. It can be seen from this figure that the
values for these two wind speed measurement are quite similar, which differs from the
expectation of 1/3 difference as explained in the analysis above, implying that the
nacelle anemometer measurement in the SCADA record may have already been
corrected This is also confirmed by the excellent matching between the nacelle
anemometer based powaurve with air density correcteavilich will be introduced in

the following section) and tFiguee 3-Bpavhianf act ur
would otherwise show significant deviations from the reference curve. So, in the
absence of any confirmation from the turbine operator, it is assumed that the nacelle
anemometer measurement in the SCADA system has already been corrected te the free
stream valueAnd the same assumptions are made for the following analyses in this
chapter, unless some systematic and significant deviations occur throughout the entire

power curve even for healthyrbineoperaton.

Much less scatter can be observed in plosver curve generated from the nacelle
anemometer readings than from the met mast based power asrgbown irFigure

3-3. This is because of the increaggdximity of the nacelle anemometer to the rotor.
The increased precision in the results indicates that the power curve based on the

corrected nacelle anemometer wind speed could provide more accuracy.

3.1.2. Air density correction
Air density correction has tbe applied to the power curve measurements before any

power curve basednalysesanbe undertaken since the power captured by the turbine
rotor is proportional to the density of air passing througlasitmentioned earlier
According to IEC standard 6144@-1 [88], the air density correction for actively
controlled wind turbine is conducted with regards to wind speed only using Equation
(3-3)
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whereVy and V¢ are the measured and corrected wind speed, respectively. And the

ambient air density , can be calculated by Equati(34)

P& ¢ b—— —— (3-4)

whereT represents the ambient temperature in degrees absoluBisutlde barometric
pressure in mbatboth of which are Ininute averaged values from the SCADA data
Usually the value oB is assumed to be the standaaiueof 1013.3 mbar, leaving to

be the only relevant parameter for air density calculation.

The corrected measurements are unsi@andard air density conditionsnd could
therefore be used for comparison purpose. It should be notedhthatirt density
corrected wind speed is distinct fromme corrected anemometer wind speed as
introduced in previous sectipand the anemometer wind speed correction, if needed,

should be undertaken before the air density correction

3.1.3. Sources of uncertaint y
IEC standard88] s peci fies the use of the &émethod

SCADA data are grouped and averaged in 0.5 m/s wind speed bins, with uncertainties
being illustrated by error bars for each biAccording to reference 1p( the
uncertainties associated with the power curve measurement can be classified as Category
A, which takes account of the standard deviation of the scatter in each bin, and Category
B, which is based on the knowledge of instrument. For the analysds ohépter, only
uncertainties associated with Category A are considered since the accuracy of power
curve related sensors is unavailable in most SCADA systems. The uncertainties
associated with Category B will be included in the power curve measurenmehts a
presented by the illustration. The main uncertaintgsin Category A are for power
variation and the appropriate expression is shown in Equgibnpfor eachwind speed

bin j.
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where, represents the standard deviation of the power measurementjihkimeand

K; is the number of points in this biThe term— results from the Central Limit

Theoren@s measure of uncertaintyhich gives an indication of the confidence in the
expected value of the power curve at thend speed poinbased on the number of
observations in the bif10(q.

Figure 3-4 shows power curve measurements for a-tmanth period (depicting 7257

pairs of data) of fault free operation from a pitch regulated variable speed wind turbine
(heeaft er r eTurbimeRée)d wiot hasa 6nomi nal rating of
power curve, produced by binning as outlirsdxbve is shown inFigure 3-5, where the

error barsrepresent the uncertaintiefhe rdatively large error bars at the high wind

speed (values over 20 m/s) bins are not important because it is known that the
maximum power generated is well controlled and determined by the turbine control
system, 101], as shown inFigure 3-4. These are due to the insufficient numbers of
points in these particular bins reflecting the occasional nature of the very high wind

speeds.
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The power curve has beenpiotted inFigure3-6 with errors barshowing thevalue of
the unmodified, . In this case the size of error bars indicakesspread of datdt can be
seen thathe largest values gf occur around and justelbw the rated wind speed of

13.5 m/s for reasons that will be discussed in Se&iara
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3.2. Reference power curve construction using Copulas based

model
To be capable of early fault detection, small changes wepcurve need to be
detectable and an acctegower curve reference is required to guaranteeettability
of the subsequent fault detection. The reference power curve in this chapter is
constructed based on the turbine operatio
data due to the considgion of both the environmental factors (such as wind shear,
wind veer and turbulence) and the effect of bias errors associated with instruments as

mentioned in the previous section.

Examination of most SCADA data reveals ten minute averaged poindrgeed pairs

(as binned to create power curves) that lie well away from the bulk of points, and thus
can be regarded as outliers. There are m
common example is when a turbine changes status part way through the t&é@ min

period, for example due to turbine cut out. The mean output will thus be much reduced,

but the measured wind speed will be unaltesecth as those significant and isolated
deviations illustrated ifrigure 3-3 for Turbine 1 Not all SCADA data systems flag up

such changes in status. This means that other approaches must be used to exclude such
data, prior to final powecurve determination. Hemge make use of Copulas, which are

capable of characterising multivariate nonlinear relationships in the form of multivariate

probability distributions based on the individual univariate prdigbdistributions

[102.

The mathematical background of Copulas will be introduced first in this section, with
particular attention being paid to the Frank Copula model and the Gaussian Mixture
Copula Model (GMCM).The GMCM will be used to capture the twdimensional
power curvedistribution using the operational data as illustratedFigure 3-4 for
Turbine 2and the modé goodness ofit will be compared with that for the Frank
Copula model and the Gaussian Mixture Model (GMM) usiggBayesian Information

Criterion (BIC) The oliained bivariate probability distributiowill then be used for
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reference power curve construction by rejecting any statistically significant outliers
present in the power curve measuremefts.example of power curve cleaning using

the Copulas for Turbing will be presented at the end of this section.

3.2.1. Expressing Dependency through Copula Statistics
The term Copula was first employed by Sklar to mean bringing together the complex

nonlinear dependency structure of a multivariate data set with itglioresonal
marginal distributions 103 . Skl ar 6187 forrsether faimdation for the
development of Copula model development; according to this theorem, if a joint
cumulative distribution function (CDF),F, exists for the random variables
whoFE fo N 'Y, then there must exiatCopula functio such that:

OomEm 60w A0Ow ERO®  (3-6)

where™O & is thei™ marginal CDF for thé™ random variable. The Copula functién
is uniquely determined if th® w are continuous, otherwiseis only unique within
the value range of the marginal distributiohO4]. Since the univariate marginal
distributions lie within interval tp , the Copula funabn is defined on the unit
hypercube, (i.e.tp © T1p ), [105. If the joint CDF,F, the marginal CDFE;, and
the Copula functionC, are all differentiablethen the joint probability density function
(PDF) can be derived by differentiating both sides of EqudBe8). The joint PDFEf,
SO obtaineds given by:

QomER O6MESO Qo Qo EQw (37

wheref; denotes thé" marginal PDF and the original marginal COF, is represented

by u; for simplicity. And c representshie Copula density function that unifies them

3.2.1.1. The Frank Copula
The choice of Copula is governed by the tail dependence implied by therd#te.
bivariate case, tail dependence is expressed in terms of the relationship between the

extreme values of the two marginal distributions. If one variable has exceeded a
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particular threshold and the other has also exceeded this threshold with proportional
likelihood, then the distribution is tail dependdd0€. Tail dependence can be
visualised as a tightening of the scatter of observations around the extremes of the
distribution, while low tail dependence will be exhibited as a greater deg=aibér.
Reference 107 presents the multivariate joint distribution based on a variety of
Archimedean Copulas which are introduced in depth in referd@& |t shows that the
Clayton Copula exhibits greater dependency in the lower tail; the Gumbel Copula has
higher upper tail dependence; while the Frank Copula is synenietboth tails. The
distribution pattern and the characteristics of the tail dependency of the Frank Copula
Model are consistent with those of the power curve variaddelas been shown in
reference 92, for which reason this particular Copula is selected h&he Frank

Copula densityunction 6 b R ,isgiven by

5 o L
& 6 5 0 0 0 (3-8)
wheres p A [109. As shown inFigure3-7, the larger the value pf, the stronger
the dependence is between the \@ds related by th&rank Copula [L0§ throughout
their bivariate distribution.The parametér can be obtained by optimizing the maaled

fit for a given bivariate dataset based on some criteria such as maximum likelihood.
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Frank Copula (d = 20)

Figure3-7: The impact of value on variable dependency

3.2.1.2. The Gaussian Mixture Copula Model (GMCM)

Accommodating the compleghape of the power curve joint probability density is
beyond the abilities of classical multivariate distributions and would necessitate a
mixture model with a large number of parameters, running the risk offittuey and

losing generalisation capabids; where the Copula mixture adds benefit is in
identifying the modes without requiring a large number of components to represent their

dependency structure.

The GMM probability density function, comprises a weighted sum Bf Gaussian

density componentss given by

« @M FE hoNo | 0 GhohE R— (39
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wherel are the weights for different components and all the elements stim to

unity. ParameteM indicates the modality number and will be determined in Section
3.22.1 Parameter— * Il ,with‘ representing the mean vector andbeing the
covariance matrix for the&” component {09. And the parameter seé combines the
weight assignment and the statistics—#for each Gaussian component. Multivariate
Gaussian distributions can only express linear dependencwhaledthe mixture model
framework may afford a piecewise approximation of-tinearity, it is therefore clear

that mixture components with a more complex dependency structure would allow a

superior fit.

A Gaussian Mixture Copula Model (GMCM)105, derived from a GMM with no
implied covariance is capable of characterising multidimensional nonlinear statistics for
multimodal data. The GMCM density function, dedvBom the GMM expression of
Equation(3-9), is defined as:

. S . 6h o6 FEhR 6
& ofFER MO — 2

(3-10)

wheres and denoe the marginaldensity of GMM and the corresponding inverse
distribution along each dimensiohhe parameter séDis optimised by maximising the

log-likelihood function of the GMCM Copalfunction as shown in Equati¢d-10).

Equation(3-7) is used to calculate the joint probability distribution based on the fitted
Copula desity function: Equation3-8) for the Frank Copula model; and Equation
(3-10) for GMCM, with the marginal PDF for each variable in Equat{@v) is
achieved through kernel density estimation.

3.2.2. Power curve density modelling with Copulas
In the specific application to wind turbine power curve analysis, the Copula model links

the marginal distribution of wind speed and turbine power output to thei two

dimensional joint probability density function.
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The basic steps for Copula based outienoval are as follows:

1)

2)

3)

4)

Preprocessing of power curve measurements

This includes the removal of null entries followed by air density correction of the

raw data.

Model order determination

The modality number is derived using the setjanising map irsection 3.2.2.1
to facilitate the fitting of the GMCM.

GMCM fitting

In [105 a GMCM parameter optimisation process is proposed that is based on
Expectation Maximization (EM) 110 followed by application of a gradient
descent optimisation. The reason for this is the-camvex form of the log
likelihood function for the GMCM density function. The solution obtained from
the Maximisation step of EM is not guaranteed to find the global optimum, thus
necessitating the use of the Gradient Descent algorithm with initial conditions
assigned by the EMsolution within an iterative loogor global optimum
investigation. This methodology for GMCM parameter estimation is retained in

this work.

Outlier rejection

The outliers of power curve measurements are filteusthg a probability

contourbased on thechieved density distribution.

The robustness of GMCM is shown by comparing goodness of fit between GMCM, the

Frank Copula, and GMMjsingthe Baye&n Information Criterion (BIC)

3.2.2.1. Model order selection

The optimal data modality is required when using mixture models such as GVIie&M.

selforganising map (SOM)originally conceived byTeuvo Kohonen [11]], is
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employed here because of its ability to cluster the datan unsupervisedearning
manner The main function of SOM is to construct a nonlinear projection of-high
dimensional data onto a ledimensional (usually 2D) space, in which the clustering of

data andts topology are clearly shown and easily interpretdd]|

N[ ZIN[ZUN[Z N[N/

LINTLONTZONTZNTZN TN ZIN

0 2 4 6 8 10

Figure3-8: SOM neighbour weight distancts Turbine 2

The data setor Turbine 2 ashown inFigure 3-4 is used to determine the number of
modes present in the data which will in turn inform the choiceno@lality for the
optimal model. Three distinct data regions can be observed in this: figese cuin,
below which the turbine does not operates (3¥0in this example); above rated3(5

I 7Q; and the region in between.

A 10 8 twodimensional SOM is s&d to visualise the data clustering. The learning

result is presented in the form of nelopur weight distances as illustratedAigure 3-8,

where the blue hexagons represent the neurons and neighbouring neurons are connected
by red lines. The background colour indicates the distances between the neurons, with
darker colours representing larger distances and lighter colours representings small
distances. Three segments can be observed based on the colour coding scheme
introduced: two distinct triangles at bottom left and top right; and a relatively weak
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segment located approximately along the diagonal. They are separated from each other

by dak colour bands.

The model order for this power curve data is thmeresponding tdhe number of
distinct regions into which the space is divided, which matches the original assumption
of three parts to the power curve, although of course the plotightvdistances does

not directly reproduce the original daféis step of model order determination could be
omitted in the future since almost all the commercial power curves share common

characteristics, indicating a distinct model mode of three.

3.2.2.2. Fitness analysis

GMCM is capable of clustering data automaliiz once thedata modalityhas been
identified, as described in the previous sectibhe same SCADA data as ustat
Turbine 2in Section 3l.3ar e wused here to aShe8mamnt he
Information Criterion (BIC), 112, is used here for model selection, with lower values
of BIC indicating better models. It is based ohe tloglikelihood fundion,

0 Usoho FE hoo , which sums the log of the probabilities of all data points and
provides a convenient and easily calculated metric for goodness oii,. [Over

fitting is avoided by introducing a penalty temg €0"Q which takes account of the

model complexityBIC is definedas
606 ¢O UsofwFE R naé0mQ (3-11)
where helog-likelihood function
0 Ui hoo FE hio 1 1T°Qo O O ho "0 (3-12

andN representshe samplesizein both Equation$3-11) and(3-12), and has the value
of 7257 in this caseAnd n is the number of parameters. For the Fr&dpulay p
whilst for the GMM and GMCM, it can be calculated using Equai8sih3), [114)].
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. EE D
n 0p £ — (13

wherel denotesthe modalitynumber which is 3,as determined in the previous section
and¢ indicates the data dimension, which is taken as 2 in this work. This resulfs in a

value of B.

Bayesian Information Criteriomalue

GMCM 110597
Frank 112415
GMM 114993

Table3-1: Goodness of fifor three modelsisingBIC values

The different models (GMCM and Frank Copula) can be compared by calguith

for identical input data sampldsigure 3-9(a), Figure 3-9(b) andFigure 3-9(c) illustrate

the probability density fitting for the GMCM models, Frank Copula #m GMM
model respectively. The GMM s included here due to its capability of dealing with
multimodal data, agitroducedin Section3.2.1.2 TheBIC values of these three models
are listed inTable3-1, from which it can be seen that the GMCM maaéhimises BIC

The GMCM also has the advantage of dealing with multivariate distributions, which
would readily accommodate more variables for further applicatook as the inclusion

of the environmental factgrsvhereas the Frank (or Archimedean) Copula could only be
used for bivariate data characterisatitm.conclusion, the Gaussian Mixture Copula

Model is thus chosen for outlier rejection.
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Figure3-9: Fitness comparison of three presented mddelSurbine 2

3.2.3. Power curve outlier rejection example using the GMCM
The previous section has demonstrated the goodness of fit of the GMCM for the power

curvemeasuremes. Theobtained bivariate probability distributiamanthen beused for



reference power curve construction by rejecting any statistically significant outliers
present in the power curve measuremeAts.outlier rejection example of the power
curve illustated inFigure 3-3 for Turbine 1 is presented in this section to verify the

effectiveness of the proposed method.

For a modern pitch regulated variable speed wind turlkgoed power control is
available abovéherated wind speed. It ishownin Figure 3-6 that the greatest scatter

as indicated by the error bars of sjzeoccurs at around rated power wééne turbine is
continually changing between below rated operation where speed is varied to maximise
aerodynamic efficiency, and above rated power where electronic control limits current
and power from the generatdrlH. The lower variance at the extremes means that the
tail dependency is not likely to be a major source of eAgrobability contour leel at

three standard deviatiorier data in the 0.5 7Owind speed bin closest to rated wind
speed istherefore judged to be appropriate. Points lying outside this contour are

regarded as outliers and are eliminaedordingly

x10°
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Figure3-10: GMCM fitting to the power curve exampiieom Turbine 1
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Scatter plot (contour level = 1.5453e-005)
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Figure3-11. Data exclusion fomurbinel usingGMCM basediensity contour

Figure 3-10 illustrates the GMCM fitting of power curve measurement furbine 1.

Figure 3-11 shows the same power curves after outliers have been identified using the
fitted Copulas and the density contour (defined asiBustrated by the red line, with
green points indicating power curve measurements that are to be extiuwdede seen

from Figure 3-12 that the precision of the cleaned power curve has been significantly
improved, which demonstrates the effectiveness of the proposed Copulas based outlier

rejection method and the reliability of the subsequent anomaly detést@xpected to
be increased as well.
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Figure3-12. Power curve foiTurbinel after cleaning
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3.3. Bin-by-bin based online power curve condition monitoring

Based on the reference power curve as constructed above, a power curve
comparison/tracking method has been developedhis sectionto identify any
statistically significant deviation from the reference power curve on a bin by bg Aas

crude filtration is first undertaken for each incomingmid SCADA datato remove the

power curve pairs that contain invalid measurement such as negative or null values. The
valid measurements with air density correction are then input to the ptbpasver

curve comparison method which will be introduced in the following section. And the
Wel chds hypothesis test is employed here
bin.

3.3.1. Rolling power curve realization
A rolling power curve idea has been deyeld for the online monitoring purpose

motivated by consideration of both accuracy and efficiency. It is basically -imeal
updating and detecting of turbine power output deviation on-ayhin basis. Here the
same wind speed bin interval of 0.5 ngwtilized and the choice of 5 fixed points per
bin is used as this providete best compromise between accuracy and efficiency. A
threedimensional storage cell is employed to save the value of wind speed, power
output and date&time information for eadifferent wind speed bin. The data in the
storage cell are continuously updated using the-ifirkig-out rule for each incoming
10-min power curve data pair with air density correctéay significant deviations
detected from the reference curve wal kecorded with both the anomalous power curve

values for the specific birend the correspondirgate&timeinformation.

In this case,he detected results are recorded in the alarm log when two adjacent wind
speed bins trigger the alarm simultaneou3lye use of two adjacent detections to
reduce false alarms caused by isolated noise but clearly there is-affradee against

the speed of detectiol. h e  WeHhypothedis testas will be introduced nexis
employed here todetermine whether thesfierence and rolling power values for any

particular bin are inconsistent at a level of statistical significance
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3.3.2. Anomaly detection :tEA 7 A1 AE6 O EUDPI OEAOEO OAOGO
According to 16, Wel chds t test I's an extension o
variances of two testingamples are likely to be unequ#s such, it is used here to

identify statistically significant deviations in each wind speed bin.

Y v (314
U U

wherediYA T (A are the power average and standard deviation, ansathplesize of
the bin with the subscripts ref and test indicating referedata and testing data,
respectively The probability of the test average falling below reference average is
considered to be of significanseghend o 0 ,whereo 0 f ol | ows the stu
distribution with significance levgl , and the number of degrees of freedom,
L. o
0 .‘ — (315

Cc

Note that the method could be easdytended to cover owgrerformance which is
common and indicative of sensor error or poor calibraéisrwill be discussed in the
power curve fault logic in the next sectiorhe corresponding modification is to add the

criterion for the ovetperformance etection expressed as: 0 U .

The level of significance chosen will affect the balance between timely fault detection
and reliability in terms of not producing false positives. It cannot thus be defined a
priori; rather it should be selected basedoperational experience and some sort of trial
and error. Other requirements for anomaly detection can be added to help avoid false
positives, for example putting minimum limits on the number of individual anomalous

bin values.
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3.4. General power curve fault logic

Statistically significant power curve deviations can be produced by technical problems
in either the wind turbine itself or due to faults with the sensors, and they can also be the
result of unusual environmental conditiossch asextreme wind sheaor veerand

turbulence

A trivial but instructive example is a power curve that exceeds the Betz limit below rated
wind speed, but operates at rated power above rated wind speed. Since the power is as
expected above rated, the power control and powerurerasnt system would appear

to be operating correctly and accurately. And there is no reason to believe this is not the
case below rated, so the only obvious explanation is an under reading wind turbine

anemometer (not uncanon with cup type anemometers).

A very provisional but general fault logic is presented below to indicate how analysis
based on comparisons between a cleaned reference power curve and an updated, ideally
real time, power curve for the same turbine might be interpreted for condition
monitoring purposedt is known that thenvironmental conditionsave been taken into
account to some extent by utilizing the operational data based reference, but these

considerations are included in the fault logic below just in case of extreme cases.

1) Deviations above reference power curve could indicate:
a) Below rated wind speed: anemometer error, power transducer calibration
error.
b) Above rated wind speed: controller setting error, power transducer

calibration error.

Further confirmation can be achieved by investigation of the val@p.oA
Cp value exceeding the Betz limit (16/27) is a clear indication of

measurement sensor (anemometer or power transducer) error.

2) Consistent deviations below the reference/manufacésupawer curve for below

rated region could indicate: possible damage to the blade; inappropriate blade
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pitch setting or control; yaw system issues; or possibly very large wind shear or

wind veer [117].

3) Significant deviations above the reference power curve in the low wind speed
region with the deviations falling to below the reference curve above rated power

can be the result of high turbulenddy].

3.5. Yaw misalignment case study

A case studyof wind turbine exhibiting rotor yaw misalignment is presentedthis

section toverify the proposedmethod The reference pwer curveis constructed using
measurementfor a threemonth periodof fault free operation from a pitch regulated
variabl e speed wi nTdrbine8r)b iwiet h( rae fneaEMiénda It or aa
All the power curve measeiments used here have been air density corrected and it is

assumed thahe SCADA wind speed has been corrected to thedtemam value.

Figure3-13illustrates the identification of outliefsr the selected datssing the Copula
method, with outliers to be excluded coloured green, in contrast to acceptable data
coloured blue; the red line is the probability conteorrespondingo 3, for outlier
identificationas explained in Section 32 The power performance data cleaned in this
mannerbecome more precise and thane then binned in the usual s wide wind
speed intervals. Theorrespondingip averages that make up tfedererce power curve
together with themanufacturels curve areshown in Figure 3-14 with error bars
indicating the Category A associated uncertaintiBm each bin. The constructed
reference shows excellent agreemanith the ma n u f as dunve, endicating the
suitable selection of data, although some slight deviation can be observed. This
disagreement is known to be due to the environmental condigiedgotential bias
errors associated with instruments as menti@aetier, and it is the considerationtbe
effects from these factors that necessitdtessusage of the operational data based
reference.These results will be used for the power curve compaieien onin this

section.
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Figure3-13: Filtration of rawreferencgpower curve datfor Turbine 3

3000 T T T T
®  Constructed reference
Manufacturer's curve
2500 [~ &zfiii
/
/e
2000 i 4
_ /e
z e
— 1500 i
H -
3 -
g 1000 * B
z #*
[=1
5001 J’/ i
0 ‘“"’, i
_500 r r r r
0 5 10 15 20 25

wind speed (m/s)

Figure3-14: Constructedeference power curwss. manufacturés curvefor Turbine 3

As indicated in the power curve fault logic in last section, yaw misalignment will result
in deficit in power output. The magnitude of this poweficit is given remarkably well

by the highly simplified cos cubed theory,18, which states that the power output is
scaled by the cube of cosine of yaw erralifférences between wind direction
experienced by the rat and the nacelle direction}.dhouldbe noted thathis parameter

is sometimes, but by no means always recorded in the SCADA data since it is often
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regarded as a control variable and thus nobrosd. The SCADA data available for
Turbine 3 inthis study did include yaw error, and also nacelle position, on a ten minute
averaged basis.

According to the cos cubed law a yaw error of 20 degree, which is highly unlikely under
acceptable turbine yaw otol, will lead to a significant power deficit of 17%. Since
such a power deficit is unlikely to be acceptable to a wind farm operator, a yaw error
threshold of 20 degree has been chosetime series of the absolute yaw error from an
operational wind tibine is illustrated irFigure 3-15. It can be observed that the yaw
error exceeds 20 degeeeonsistently for timestamp®00 to 240. This anomalous
peformance was confirmed to be yaw drive or yaw drive control isBigeire 3-16
shows unambiguously that the nacelle position was stuck in a fixed position
(approximately 200 degrees) for an extended time period, with no yaw activity, whereas

the wind direction varied ia normal manner during this period.

A comparison between thealtime power curves for this period and the reference
power curve constructeabove isundertaken using the hypothesis testt & a 99.5%
confidence leveli.e. a significance level of 0.00F his is a provisional figure selected

on an intuitive basis and assuming that the calculated likelihood and statistical modelling
are not unreasonable. Its provisional nature reflects the lack of field trial data. However,
the final value would not be prcted to berery different. The aggregate number of
anomalous bin values across the entire power curve at each time point, determined
according to this 99.5% criterion, are plotted as a time series, as shown by the red points
in Figure 3-15, together with the corresponding value of the absolute yaw error. Using
this approach an alarm would have been raised at 03:00 on 15/04/2009, 6 hours after the
first anomalous yaw observation at:@Q on 14/04/2009. Robust identification of a
significant performance problem based on power curve tracking has thus been

demonstrated.
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Figure3-16: Time series of wind direction and nacelle posifienTurbine 3

In this case the issue was faulty yaw control, and with the right SCADA data this could
have been detected directly. However, as mentioned already, yaw error is often not
included in SCADA data. It might be argued that 6 hours is too long. This could

certanly be reduced by using less robust detection for example by reducing the

confidence limits set for hypothesis test, but the result would inevitable be more false
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alarms. Given that SCADA based condition monitoring is at an early stage of
development andperators are highly concerned about excessive numbers of alarms, see
for example reference3p], it seems better to epn side of robust with slightly less

responsive algorithm design.

3.6. Application of the proposed method to pitch ing performance

condition monitoring
Based on the successfudentification of a significantpower curve deviationas
demonstratedn the previoussection, the proposed online power curve condition
monitoring method is applied to monitor the pitah performance, which can be
characterised by the pitch andglevind speed operating curv&he main purpose is to
check if the pitching system is contedd and operating accurately. Any performance
deviation in each wind speed bin will result in a statistically significant number in the

Wel chds t test and hence trigger the al arn

The deviations from the reference pitch anglevind speed curve could rdsdrom
anemometer errgt gtching related issue such as controller error (e.g. setting enror)
hydraulic system error (e.g. hydraulic oil leak)l thesecategories could be confirmed

by double checking the power curve performance with the refereacexample, if the

pitch deviation is caused by the anemometer error then the corresponding power curve
plot should present a shifted version of the reference Aathother reasons will lead to
power deficitwhich would be presented the power curvelpt.
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Figure3-17: Pitch anglé wind speed reference with error b&s Turbine 3

A pitch performance monitoring examgta Turbine 3 is used ithis section to validate
the proposed methodince thepitching operationdepends on the generated power
which is proportionalto the associated air densithe wind speed measurement should
undergo the air density correction as depicted in Section 3.1.2 before any analyses.
pitch anglei wind speed referee constructed from three months healthy data with
outliersexcludel by the GMCMis shown inFigure3-17.

Wind speed (m/s)

Figure3-18: Power curve scatter for testing data from Turbine 3
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Figure3-19: Scatter opitch angle vs. wind speed for testing data from Turbine 3

In this case the only availabtsemonthtesting datancluded periods o€urtailment,

which will result in early pitching. The power curve scatter of these data and the
corresponding pitch anglewind speed are illustrated Figure 3-18 and Figure 3-19,
respectively, which clearly show the power curtailment and the associated pitching
performancelt should be notedhat as part of the active network management, the
power generation from wind turbines sometimes instructed to be curtaildde to
capacity constraints on the local transmission network, particularly during periods of
high wind poduction and low local @mand, 119. A number of Scottish wind farms
were curtailed during the high winds of early January of 2Q12) [ This datais used to
validate the effectiveness of the developed method, but surely does not indicate pitch

system anomaly.

The associated detection result of the testing data for Turbine 3 is sh&iguia3-20,
where the curtailment flagMth high level indicating nofturtailment and vice verka
time series is plotted witthe aggregatalarm numbe detected. It can be seen that the
curtailment, which result from early pitchingg picked up efficiently as the derating

flags move to low levels. This demonstrates the effectiveness of the developed technique
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Figure3-20: Pitchng performanceletection results faestingdatawith derated

operationfor Turbine 3

The early pitchingis very difficult to distinguish from real pitch anomalies without a
curtailment flag in the SCADA. Power curves can be used to detect curtailment but this
takes time and is not straightforwarthe clear message is that a curtailment flag is
required for confident processing of pitchangle data and associatggower

characteristics

3.7. Chapter summary

The Gaussian Mixture Copula Model outperforms the Frank Copula and the Gaussian
Mixture Model in fitting the nonlinear relationship between the two power curve
variables The outlier rejection using the probability contour effectively removes the
statistically significant deviations in the potential power curve reference measurements,
thus improving the precision of the selected referarkincreasing theeliahlity of

the subsequent anomaly detection.

Based on the constructed reference using the Copula mbeekoposedpoower curve

based reatime wind turbine condition monitoring method allows a case by case based
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approach to interpretation which can be @scdated bythe so callegpower curve fault
logic. With a properly constructed reference power curve, thetireal power curve
comparison based method can provide a sinaple effective tool for wind turbine
condition monitoringusing theWelchs hypothes test The accurate and efficient
detection of wind turbine yaw misalignment based on power performance data has
proved the effectiveness of tlapproach outlined in this chaptex similar approach
applied to pitching performanagmonitoring has shown mmising results although the
presented example with poweurtailmentdoes not indicatean actual pitch system
anomaly.However, it is accepted that far more examples of successful detection are
required before the method can be regarded as ready fonaddl application. And it
should be recalled that tuning of key parametsush as the significance level in the

Welchs t testpased on extensive operational data from field trials is still required.
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4. NSET model applications to fault detection of

subassemblies for individual turbine

The Nonlinear State Estimation Technique (NSET) provides a state based vector
recognition technique that can be applied to wind turlgimedition monitoring.The
algorithm of the NSET model and the associated memory matrix construction for
models will bespecified inthis chapter first, followed by the introduction of anomaly
detection based on the NSET estimatibhne effectiveness of theroposedmethod will
thenbe demonstrateth detail with applications to anomaly detection of wind turbine

gearbox malfunction and generator failure.

4.1. Anomaly detection based on NSET model : Methodologies

For a specific model to be implemented, the maityaisgprocedures undertaken are:

1) Identify all the variables that are closely related to the model output parameter of

interest based on a combination of domain knowle@g# jand correlation analysis.

2) Construct a state memory matrix from the training data following the framework

provided in Section 4.1.2.

3) Validate the constructed model by using a validating setaccording t&quations
(4-2) and(4-7) below, and then set thresholds for the fault detection algorithm based
on the results.

4) Assess designated testing data accordingdoations(4-2) and (4-7), and then
record any alarms that are reported by the fault detection algodéstribed in
Section 4.1.3

Each step is explained in more detaélow and illustrated byase stus in later
sections of this chapterpth to make these procedures clearer and to demonstrate the

potential of the technique for wind turbine fault detection.
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4.1.1. NSET algorithm
A state memory matrip, expressed by Equatidd-1), is utilized to store state vexst

for selected data record84]. Each column (vector) represerdassystem operational

state measured at a particular time and each row records the readings from a specific
sensor. It is important to note that the sensor readings for model output are also included
in the matrix for computing the similarity between cuatrput and historical stateas

is the convention

P Lplc ELg
Wp W I§d)0( (4-1)
wp w¢ E »a
é é E é
Wp wg E wa

There arem observation vectors for thesensorvariables in the memory matrix. After
construction, the matrix can be utilized to moa#élrbine component performance, and

the NSET is capable of producing reliable estimation as long as the matrix consists of
valid and proper datthat encompaes the range of normal operation of the item being
modelled, in our case, a wind turbif&l]. More details regarding matrix construction

will be discussed in theext section. For each new input vec—%@r%,,the outputJ—-_ viS
obtained from the product of the memory matix and a weighting vectoir

0 0v EV as shown in Equatiof#-2). All the vectors here are by default column

vectors and theuperscrippé denotes the transposition of
L rér O=p O0LgE 0 La (@42

Theweighting vector captures the degree of similarity between the input and each of the
states within the matrixThe residual, which igshe difference between the observed

output and the modelstimateé. v 18 presented in Equati¢a-3).

E - - E - énJr}vé-v<£n1+v I'I'¢'T (4-3)
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And by minimizing the sum ofsquare otheresiduals, which is shown in Equati¢h4),
the estimation of theveighting vectorsr, can be obtained using a camtional least

squarespproach.

E b @ Ly rfr LS4 ST
(4-4)

éu-H-v¢éu-H-véu-H-v¢|'|'¢f r ¢|‘|’ #D-H-v? ¢|‘|’ ¢|‘|’¢T

To minimisethe value oB £ (i.e. to ensure maximal model accuradtg first order
derivativeis set to zero as shown in Equati@h5), the associated derivation can be
found in referencell2?].

QB £

o Cr #5 yvCr EreF T (45

which results in:

T r#r #r ¢ (46

Equation(4-6) gives the general least squares solution for the weight vector. However, a
problem arises in thdifficulty of inverting the seaalled recognition matrix &

that results froma potentialinear interrelationship between state vectors in the memory
matrix [85]. This issue can be resolved by replacing the dot product within the bracket in
Equation(4-6) with a nonlinear operator. The NSET weight vecforso modified is

expressed as:
T rsSr #rs= (47

where the nonlinear operatdr calculates the Elidean distance of the operands
shown in Equatior{4-8), since the Euclidean distance outperforms the other nonlinear
operators in referend®5] in termsof prediction accuracy. The same distance metric is

also applied in referencé4].
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35 « W (4-8)

The mathematics described above can be viewed as process to calculate the nearest
possible vector to the observation vectott iten be formed from a linear combination

of the vectors in the memory matrix. Distances in thidimensional space are
calcdated using the Euclidean norm. It is difficult to see how such a linear combination

of memory matrix vectors can extrapolate to a region of the space outside the domain of

the memory matrix.

4.1.2. State memory matrix construction
Selection of the model variagdd and construction of the memory matrix are both

critically important since these will directly affect the accuracy and efficiency of the
NSET model. Domain knowledge together with correlation anakgsesmployed to

select relevant variables for a spacihodel.

Once the relevant variables to be included in the model have been chosen, the state
memory matrixmust be built up through selection of measured state vectors from the
available operational data. This process is analogousaitting in other malels like

neural netsThree factors need to be taken into account. First, in order to achieve a good
model representation and hence performance, stlecteddata should encompass
enough states to cover the complete range of normal operation, inclugiagtesk
behaviour under extreme conditions. Second, the potentially large number of states
involved can make the matrix operations used in the algorithm numerically time
consuming, and moreover, the increase in state numbers beyond a certain limit is known
not to contribute to increased model accuracy. Consequently, a dataosedgorithm

should be usedsuch as that presented i84], to choose state vectors evenly and
economically from the training data set. With this approach the number of states can be
reduced dramatically, making the model much more effective yet still representative.

Similar to the idea of cluster number deaisim reference 94], the matrix size is
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determined based on a plot of validation accuracy against matrimgizis study. This
provides a straightforward meansavoiding unnecessarily large memory matrices. An
example memory matrix sizingill be shown in Sectiot.3.1. Last but not least, no
repeated states are allowed in the memory matrix since this will result in a singularity
associated with the matrix in\geon used to solve for the weighting matrix (Equation

(4-7).

Add Xi=1:n(j)
toD

Figure4-1: Data selectioflow chartfor memory matrix construction

The flow diagram inFigure 4-1 outlines a matrix construction algorithm in which the
data are selected evenly for each normalised variable varying from 0 84].1 [
Parameteni is a predefined small positive value close to zero, @ntepresent a row
vector that recordM readings for each of the different sensors, where parametbts
represents the number of state vectors in the trainingadala have the same meaning
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as in equatior(4-1). In this work the increment is set to 0.01, which implies that the
value range of each variable of interest is divided evenly into 100 piectshase
values closer thad to the dividing line are selected. The corresponding historical state
vector containing the records for all variables is then imported into the memory matrix.
Preliminary matrix construction is undertaken by applying the dlgorbutlined above

to each of the relevant training variablasurn. The memory matrix is then refined to

remove any repeated state vectors. This completes the memory matrix construction.

4.1.3. Fault detection algorithm
The constructed model is then appliedthe validation data set, which must not have

been used for the training process, and the residuals obtained are then passed through an
infinite impulse response (IIR) low pass filter to remove noise in the form of spikes in
the residuals stemming fromath si t i ons in the turbinebs

from turbine faults.
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r r r r r
-1 -0.5 0 0.5 1
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Figure4-2: Pole and zero illustration of the selected low pass filteredplaéde

The polezero diagram for this low pass filter is illustratedrigure4-2 where the pole
indicated by a small circland zergindicated by a crossre located a0.95, 0) and+(
0.95, 0) within the unit circle. The pole on the positive side of horizontal axis will allow

low frequency signals to pass and the zero on the negative side of horizontal axis will
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cut the high frequency signals off, which makes the logs fdidgter work. The equivalent
Z-domain expressiogiven the pole and zeuwt this filter is shown in Equatiof#-9).
g ., a T@U

Oa +— 0 =
Towa o T@U

(4-9)

where paramete€ decides the magnitude of the frequency response of this filter, and
& QY which in effect goeslang the unit circlein the complex Zlane, as shown in
Figure 4-2, as thesignal frequencyll, varies from “ to“ . The parametecC is
calculated by assuming unit response to DC signals, in whicH@#&se panda p

sincell 1, and thisresultsid  pj o w
So we have,

W@ p o WU p p TAU
DA oCWAa TU CwW P TB W

(4-10)

Rearanging Equatiorf4-10) will lead to,

U I | < VI VIR
Wa T OWd —wa —a wa (4-1)
0w 0w
According to theinverse Z transform provided in referencdZ3, the time domain
expression for this low pass filter is achieved based on Equdtibl) and expressed in
Equation(4-12). And the corresponding frequency respofaethe designed filters
shown inFigure4-3.

e £

.- - TO U .
Ul o Wl p %] —3Jl p (412

(OINOV) o w
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Figure4-3: Magnitude of frequency response for the low pass filter within one period

Although NSET can be used to represent mamyponents and parameters a common
application is to component temperatymgbereelevatedemperatures that can result in
overheating aréndicative of a problenj36]. In such cases, only the positive residuals
are of importancelhe maximum of the filtered residual and the corresponding standard

deviation are anal ysed tstcalysignif\dentacomdliss. t t

As has been introduced in the last chgpterWe |l chdés t test i s an
test that can be used when the variances of two testing samples are likely to be unequal.
For the turbine gearbox model, a esided hypothesis test is used as only overheating of

the gearbox is of concern, i.e. unexpected low gearbox temperatures are ignored. If the
residual average rises above the reference average, the rise is considered significant
the statistid®@ 0 U0 ,whered 0 f ol | ows t tdistribBtibnaslietroduc@din

the previous chapter and the t statistic is given by:
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whereciYA T (A are the residual average, residual standard deviation and the window

l engt h, with the subscript 6ref d and Ot es
respectively.

4.1.4. Discussion of the modified NSET algorithm
In addition to the NSET algorithnsantroduced in Section 4.1.1, which will be referred

to as the standard NSET model hereafter in the thesis, a modified version of NSET is
also proposed in referenc&l], and this will be referred to as the modified NSET model.
The algorithm of the modified model is presented below and its differences from the
standard one will be pointed out.

Since the variable that is used as the condition indicator for the system under
investigation is expected to take on anomalous values following system degradation, it
has been suggested that this indicative variableuld beremoved from the state
memorymatrix that is used for the weighting vector calculation. The modified weighting

vector,7r , IS now:

r |'|'§ T ¢|‘|’§£ (4-14)

where r denotes the modified memory matrix as shown in Equd#elb), in which
wp wc¢ Ewa isthe vectofor the indicative variable and has been taken out.

The same action is applied to the observation vector, leadiftg modified version,
L

Wp w¢ E ®a (415
wp w¢ E wa
§ & E &
Wp w¢ EBE oa

The model estimatior= | in this case is the product of the standard memory marix

shown inEquation(4-1) and the modified weighting vector, as expressed in Equation
(4-16).
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The modified NSET model is believed to produce more reliable results than the standard
model since the indicatiwariable, which is directly affected by the physical state of the
monitored component, is masked out in the estimation process and the results are based

on the measurements from valid sensors o8, [

Different possibilities for NSET model implementation will be explored througtiaut
following sectiors: acomparison between the standard NSET model and the modified
modelwill be preseted the NSET results wilalsobe compared with those from the
Neural Network model; theecessityof additional null and maximal state vector will be
justified; the impact of reduced parameter and time lagged variable on model
performance,the contributbons of manipulative factors, such asemory matrix
normalisation and parameter weightintp the model improvement will also be

investigated.

4.2. Background information of wind farm SCADA data for NSET

applications

The turbine gearbox and generator are andlysehis chapter based on NSET models
and the associated anomaly detection thatbeesn specified in the previosection.
These two key components arevestigatecheresincethey havebeen identified earlier
to beresponsible for mucbf the turbine devntime and because their temperatures are
commonly included in SCADA datd’he SCADA data used here come framvind
farm in the UK with 26 identical fixed-speed stall regulated wind turbines rated
600kW. Figure4-4 illustrates the layout of th wind farm with the 26 turbinesmarked

by blue poin$ and two meteorological masts indicated by red @®ss
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Figure4-4: Wind farm layout

Turbine No.| Anomalous componer] Failure time
T8 Generator Nov. 2006
T16 Gearbox Jan. 2006
T17 Gearbox Apr. 2005

Table4-1: List of events for analysis
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Table 4-1 lists the gearbox and generator events thatuaeslfor the analysesAn
intuitive input selection for both the gearbox ageheratormodel is made based on
domain knowledgeThe wind turbine rotor captures partial kinetic energy outhef
incidentwind and converts it into mechanical energy which is then transmitted to the
turbine drive train, where the rotational speed is stepped up by the gearbox to an
appropriate level talrive the generator which converts the energy irfiital electrical

form. It can be seen from this process that the mechanical load of gearbox, indicated by
its temperature, is closely related to the turbine power oudpsitmilar situation applies




to the generator where the electrical loadindicatedby the voltage and currerfor
equivalentlypower output, hencewill also be relate to itsemperatureThe temperature
from either the gearbox or generator is affected bymtaediateambient environmen
so the nacelle temperature is also considered in both dag®de4-2 lists the available
10-min SCADA data where the relevgmarametersre ticked fobothmodek.

SCADA tag Gearboxmodel| Generatomodel

Wind speed (m/s)

Active power (kW) \% \%

Reactive power (kVar)

Gearbox bearing temperatue

Gearbox cooling oil temperatu(g )

Generator winding temperatufe ) Vv

Nacelle temperatur@ ) Vv Vv

Table4-2: List of availableSCADA data in 1@min format and intuitive input selection

for the gearbox and generator model

4.3. NSET application to wind turbine gearbox case study

Operational data frorfive healthy turbines within the wind farmamely T3, T4, T5, T7

and T10,are averaged to provide a representatingaleltraining dataset that defines a

healthy turbineacrossits complete operational rangBoth referenceqd58] and [124]

utilize threemonthts worth of training data. Similarly a period of 3 montfrem the

beginning of April to the end of June of 200S, chosen for this training process,

including 11246 valid stateOne month of operational data from the problem free

turbine T1 is employed for validation purpose, from which the statistics can be obtained

for further fault detection using the Wel cl
two turbines with confirmed gearbox failures, i.e. T16 and T17 as list@abie 4-1.

Operational data up to half a year prior to the final failure of T16 is usiesting case

95



Il whereas only one month of testing data from T17 is available for analy&stiimg

case |

Output parameters Gearbox cooling oil temperatur

Input parameters

Gearbox cooling oil temperature § 1
Gearbox bearing temperatuge 0.9491
Power outputi 7) 0.8282
Nacelle temperatures () 0.6891

Table4-3: Pear s on ceefliceosbaetwedngearboxnodel input and output

parameters

Any wear and damage developed in gearboxwill tend to result in extra heat being
generated which will then be conducted to the cooling oil. It should thubledo
monitor thewind turbine gearboxwith the gearbox cooling oil temperatutgeing the
condition indicatorandtherefore the model outputhe selected inputs of model should

be closely related to the model output in order to construct an accurate representation for
the turbine componentTable 4-3 addsconfidenceto the variable selectionof model
inputsby exhibiting high orrelation coefficients between the proposed iggarameters

and the model output, with the exception of nacelle temperathreh shows slightly

worse correlation This parameter is noso stronglylinked with the gearbox oll
temperature but represents the effect of ambient temperature on the modelasutput

mentiored so it has been retained.

As mentioned beforerrors in the SCADA system or measurement sansam result in

null and invalidreadingsin SCADA recordsA crude filtration depicted iable4-4 is

applied here to remove these entries and make the analysis meaningful. The percentage
of values being removed in this process for the training, validation and testing data is
listedin this table. The range of values of the four proposed variables after the filtration

is alsoprovided.

96



It should be noted that low values (bel6sv) of nacelle temperature could exist during
winter season since it is affected by ambient temperature, andutie filtration to
remove such data is inappropriate. In ghiesentectase study, howevethe minimum
nacelle temperature reading 13 , i.e. above the threshold settingnd henceno

negative temperatures\yebeen removed

The significant amount aflata being removed in this filtrating process indicates poor
data quality, the potential effect of which on the model performance will be discussed in
Section 4.3.10However, since the comparison of different model options always makes
use of the same fédred data sets, there should be no adverse impact. It also can be seen
in Table 4-4 that the maximal gearbox cooling oil temperature in both of the testing
cases exhbits higher levels than those in the training/validation <$ihce the
extrapolation capability of the model is uncertain, including a maximal velsdr
covers wider data rangeould be expected to improve the madadetapability to
extrapolate to highre temperatures. In this case, the maximal vector

v Yghp @hp @iy B  (the variable values are presented in the same order as in
Table4-4), has been selected from data for a simglalthyturbine outwith the 3nonths

of training data.An additional null vector,tmttit , has alsobeen addd into the
matrix to enhance the model perforncenwhen the oil temperature drops gradually
during peiods of nongeneration that are caused by either low wind speed or turbine
shut down. The effestof these additional vectors within the memory matkik be

investigated in Sectiof.3.5
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Value range after

Percentage of

Data usage Variables Filtration filtration values being
criteria min max removed (%)
Active power (kW) > 25 25.01 596.30
Training set (T3, T4 :
Gearbox bearing temperatuge >0 38.80 61.80
T5, T7 and T10; : : 33
) Gearbox cooling oil temperatu(g ) >0 32.98 54.43
April T June 2005)
Nacelle temperatur@ ) >0 3.95 28.40
Active power (kW) > 25 25.00 633.50
Validation set (T1; | Gearbox bearing temperatuee X >0 26.00 60.00
35
January 2006) | Gearbox cooling oitemperaturgs ) >0 22.08 55.00
Nacelle temperatur@ ) >0 3.40 21.00
Active power (kW) >25 25.65 586.25
Testing setn casel | Gearbox bearing temperatuge X >0 41.00 66.00
42
(T17; April 2005) | Gearbox cooling oil temperatu(e ) >0 32.17 61.00
Nacelle temperatur@ ) >0 491 19.51
Active power (kW) > 25 25.02 659.47
Testing sein casdll :
Gearbox bearing temperatuge >0 11.00 69.00
(T16; August 200% i i 36
Gearbox cooling oil temperatu(e ) >0 10.48 67.00
January 2006)
Nacelle temperatur@ ) >0 1.00 29.17

Table4-4: Filtration criteria of the selected variables for gearbox case study aodrteepondingesults
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4.3.1. Memory matrix size decision
Since the NSET works in effect asstgate based vector recognition technigtres

corresponding model accuracy should depend on the matrix size in a proportional way.
According to the state memory matrix construction algorithm outlined in Settlod
the total number of states in the matrix increases as the vicinity crit@riorgreases
The Root Mean §uare(RMS) value of thevalidationresiduals is employed heasan
accuracymetric for model estimation and it is plottadainst the correspondimgatrix

size inFigure4-5 by varying the parameteér

It can be seen from thigure that increasing the matrix size beyond 1000 state vectors
makes little additional contribution to model accuracy, making this size a reasonable

choice; in fact the matrix in this study 289 states, giving a matri® of size 4089

N

(6]
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Figure4-5: Memorymatrix size decision

4.3.2. Model validation
Thestandard NSET™odel is validated using one month of data for the normal, fault free

operation of tupine T1, as presented iRigure 4-6. The excellent agreemebetween
model estimations, illustrated by the blue line, and the observations, indicated by the red
curve, inFigure4-6(a) shows the accuracy of NSET modéie corresponding residuals

are plotted by the blue curve kgure4-6(b), whee the majority of the residuals vary

99



within an acceptable range a@g for some isolated large spike¥he associated
deviatiors in model estimation are caused by wind turbine opesdttoamsitions, such
as those from the end of a nproduction period during which the oil temperature drops
gradually to ambient temperatufglost of the nofproductionassociatedlata can be
removed by the crude filtration expect when the turbine stadpedoate, in which case
the 10 minute averaged power output coelasily exceed the filtration threshold
whereas the oil temperature takes time to recovérenormal range due to the thermal
mass.

Since these isolated residual spikes do not indicateabsystem faultsa suitably
designed IIR low pass filter as introduced in Section 4.1.3n¢athe form expressed by
Equation(4-12), is employed to removthis unwanted noiseAnd the filtered validation
residual is shown by the green curveFigure 4-6(b) along with the raw valuelhe
maximum of the filtered residual together with its corresponding standard deviation will

be used for fault detection.

(a) Model estimations and observations
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(b) Raw residuals and filtered residuals
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Figure4-6: Validation results of T1 for standard NSET
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4.3.3. Model testing and anomaly detection
Testing cases | and With confirmed gearbox failures in T17 and T16 are utilized in this

section to demonstratihe detection capability of thstandardNSET model Figure
4-7(a) shows the testing results for T17 with one month worth of data covering the
whole April prior to the final failure at the end of this monthis figure shows a
gearbox cooling oil tempet@e peak of 610, which lies below the upper limit of
62.38 , set by the maximal vector in the state memory matrix. As has been stated in
Section4.3 and will be demonstrated in Sectidr8.5 the model accuracgnd overall
performanceas improved by thepresence of this maximal vect@ignificant deviations
betweenmodel estimationsand the observations can be seen in this figure, and these
also correspond to the large and prolonged residual as shotigure 4-7(b). This
provides an initial indication ofhe gearbox overheating caused by the impending
gearbox failure, and the Wel@h hypothesis test as introduced in Sectbh.3 is

employed for rigorous fault detection.
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Figure4-7: Testing results and anomaly detection of T17 for standard NSET
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Recall the low pass filter shown in Equati¢ft12), where he recursive term in this
filter reflects contibutions from previous outputsyhich effectively appés a time
weighted averaging process to the datatime stepswhich isequivalent to 15 hars
are requiredd achievehe attenuatiorof contribution from previous outputs less than

1%, leading to areffective window length of 90

This low pass filter is applied to both the validation and test residuals to achieve much
smoother residudime series as showbny the green curven Figure4-6(b) andFigure

4-7(b) respectively The filtered results of the test residualsv ( ) and the
corresponding standard deviatioiY ( ) are then tested against the maximum of the
filtered validationresiduals @ ) and the corresponding standard deviatidh () using

t he Wel c Wliteseffettive twmdow length of 96 used for the testand a
significance level of 0.005 is chosen in this case to achieve robust detection and to
minimise false alarms. A binary recorder is used to log the results, wherigthievel
implies anomalous turbine gearbox behaviour and the low level indicates normal or
acceptable operation. These records would be made available to wind turbine operators
and anomalies would be flagged up if alarms appeared either for too lon@ or to

frequently.

In Figure 4-7(b), the red lineshows a series of alarms from the beginning of the
assessment period, revealing anomalous behaviour, and demonst@isigtency
between the algorithm developed here and the observatiaesiduals It can alsobe
seenin the same figurethat the alarms are reported immediately following each steep
increment in the testing residuals. This shows the capability of thel NS8&del
accurately to detect incipient anomalies within a wind turbine gearbox before they

develop into catastrophic faults.

Ideally the detection method should have been compared with simple threshold based
fault detection. However, there were very feecasions when high temperatures arose
when turbines were operating normally and these data points had to be used as part of

the training set and could not, therefore be used for testing. These data points did include
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temperatures of 62€ which, realistidg] would be above any simple threshold. It is
thus clear that with such a threshold, false alarms would have arisen. It is also clear that
setting thresholds any higher, to avoid these false alarms, would have resulted in a
failure to detect real faults.

Tesing casell makes use of data from turbifé@6. Operationabataof half a yearprior
to the failure of this turbinefrom August of 2005 to January of 200&e used to
confirm the anomaly detection capability of the model. The gearbox failure edcurr

immediately after the end of this testing period
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Figure4-8: Testing results and anomaly detection of T16 for standard NSET

Anomaly detection in this case follows exactly the same procedures as foe {litf7,

and the same validatigesultfrom turbineT1 is used as the reference for the hypothesis
testing. Successful anomaly detection results are illustratEdyume 4-8(a) andFigure
4-8(b), which leaves up to half a year for tharbine operator to make decisions

regading shutdown and maintenance scheduliagd demonstrates the robustness of
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model It can also be seen Figure4-8(b) that the test residuals exhibit an increasing
trend throughout this simonth period, which is indicative ofthe progressive
degradation of the turbine gearbox.

As can be seen iboth Table 4-4 and Figure 4-8(a), the maximum oil temperature
measurement is7603 which is above the upper limit 2.8 as introduced by the
maximal vector The maximum modelled temperature corresponding to this peak is
6263 demonstrating that the NSET can extrapolate beyond the mematgix
maximum values, albeit to a very limited degree, and with uncertain accuracy.
Nevertheless, the model accuraryd overall performands definitely improved by the

addition of the maximal vector, as will be shown in Seclichb

4.3.4. Comparison with a Neural Network model
In order to prove the effectiveness of the NSET model, a performance comparison is

carried out in this section with a Neural Network (NN) model similar to that successfully
applied to wind turbine gearbox condition monitoringeéference$58, 59. Unlike the

NSET model which calculates the weigthtased on the similarity between the state
vectors including the entire set of input parameters, NN models are designed to capture
data interrelationships between input parameters and outputs using weight and bias
parameters for individual neurons. Theseights are established through a training
process, often using the back propagation algorith®b[ The Levenbergviarquardt
algorithm is employed here since it is claimed to be the fastest algorithm for training

small and mediursized networks126|.

The NSET model utilized in the castudy being anautcassociative modehs
introduced in Chapter 2ffectively has 4 inputs and 4 outputs, seiaput 4output NN
model is used fofair comparison with identical validation data from turbifé and
testing data fronT16 and T17Then ®it @b tr ansf er Thhlegtisi on a:
selected for the neurons in both of the hidden layer and output Aay@rahidden layer
consisting of3 neuronsas used in referencelq] is employed heralue to its best

performance in model accuracgmpared with other layouts such as that with 2 hidden
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neuronsThe state vectors that construct the memory matrix, with si@83ih this case,

are normalisedbefore beingused for NN model trainingnd he same procedures for

fault detectioras introduced in Section 4.1aBe adopted based on NN model estimation.

Validation and testing results are showrFigure 4-9, Figure4-10 and Figure4-11. It

can be seen by comparing these figures with those from the NSET rRaplebd-6 for

validation resultsFigure 4-7 and Figure 4-8 for testing results anthe associatethult

detection) that the NSET model is more accurate than themibtel by producing

smaller validation residuglsand also morecapable oftimely fault detectionfor the

testing @ases, particuldy in case | for turbine T17 as shownhigure4-10 which fails

to pick up any signatures for the anomaljhis demonstration of NSET model

performance over the NN model confirmsriddustness
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4.3.5. Justification for use of the augmented state memory matrix
The improvements tmodel performance achieved by inclusion of the null and maximal

vectors are investigated in this section by using the validating data and testimg data

both testing cases

The main reason for adding the null vector is to improve the model acespeyially

in the context of missirigull data values. It also helps to improve modelling of the
gearbox oil temperature following a turbisleutdownthat will resultin agradualdecay

in temperature. It should be notedwever that the missing/invalid tdaand the entries
associated with theeriods of shut dowmave been removed by the crude filtration,

make the null vector slightly redundant

The observation state vector with the maximal oil temperature to be included in the
augmented memory matrix i® Y&hp @hp @ig 8 . This vector is selected as it
includes the highest oil temperature reached by any healthy turbine from the wind farm
during the period in which data was available. This vector is added to the memory
matrix to improve model accuradn the case of high temperatures. Of course, if the
temperature exceeds this value, atesting @se llifor T16, some deterioration in model
performance can be expected. One concern that remains is that improving model
performance might make anomalyteletion more difficultsince thedetection is based

on the magnitude of s&duals. However, the case studies the previous section
demonstrate successful fault identification. It is believed that improved models will

result in fewer false alarms.

Table 4-5 demonstrates the impact of atioinal vectorson the model validation and
testing performance, including foupossibilities of memory matrix format no
augmentation, with only null vectomwith only maximal vectoand with both vectors.
The average and RMS valuesthe validation and testing residu&ts gearbox cooling
oil temperaturare used toneasure model performaniceeach casewith smaller RMS
values for validation residuaisdicating better model accuracqnd a Residual Ratio

(RR) that calculates the RMS ratio of testing residuals over the validation residuals is
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used to indicate the degree of deviation for the testing data and also to somiehexte
potential for fault detectionA concept ofDetectionRatio (DR) is alsoemployed here

for the testing data to present the proportion of testing instances being detected out of the
complete testing seEor example8164alarms are raised out @659 testing instances

for turbine T16 in the augmented NSET model, leading to a DR value of
81641655%49.3% as shown iffable 4-5. According to thisJarger values of DR for

anomalous data indicakegher sensitivity ohnomaly detection.

Validation: Testing I: T17 Testing II: T16
T1
Mean| RMS | Mean| RMS | RR | DR | Mean| RMS | RR | DR
B) | B)]| B)] B) ()| B) | B) (%)
No 0.199| 0.418| 0.922| 1.246 | 2.98| 37.3| 1.313| 1.877| 4.49| 50.7
augmentation
Withnull 1 5 5151 0.327] 0.906| 1.226| 3.75| 35.0| 1.316/ 1.882| 5.76| 46.0
vector only

With maximal | 4 195| 0,419/ 0.880| 1.161| 2.77| 50.2| 1.181| 1.604| 3.83| 62.0
vector only

With both

vectors

0.212 | 0.321 | 0.862| 1.139| 3.55|49.3| 1.181| 1591 | 4.96| 61.2

Table4-5: Model effectiveness comparistmjustify the additional null and maximal

vectors
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Figure4-12: Testing results and anomaly detection of T17 for standard NSET with non

augmented state memory matrix

By comparing the neaugmented model artie one with the presence of the maximal
vector inTable4-5, it can besea that the addition of the maximal vector improves the
model accuracy in both testing cases by redutlielRMS value of thecorresponding
residual as expectednd surprisinglythe largest DR values show up time maximal
vectorpresent model in both testimgse even though the associatB®R values are the
lowest demonstrating the improved modaétectability introducel by the maximal
vector. The validation accuracy isardly affected by themaximal vectorthoughsince
the value ofvariablein this case stayin the normal rangeThe null vector plays an
insignificant role here due to the data filtratiaa mentioned earlieihe comparson
betweenthe nonaugmented modeind the null vector present modelTable 4-5 also
gives such indicatianAll in all, the bestperformed model belongs to the one withttbo
vectors in since it shows tHewestresiduals RMS in allalidationand testing cases

albeit the DR values are slightly worse than the model only with the presence of the
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maximal vectorMore clear illustrations are shown kgure 4-12 and Figure 4-13 for
the testing results of T17 and T16 respectively with-aogmented modgeivhich could
be compareavith Figure4-7 andFigure4-8 that result from fully augmented model.
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augmented state memory matrix

4.3.6. Comparison with the modified NSET model
Recall the modified NSET model that has been proposed in Section 4.1.4, where the

indicativevariable in the state memory matrix and the ole@yn vector is omitted for

the weight vector calculation. This version of model is believed to produce more reliable
results than the standard model since the results are based on the measurements from
valid sensors only. The effectiveness of the modifreodel is investigated in this
section and the results are compared to those from the standard model using the same

gearbox case studies as presented in previous sections.
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The gearbox cooling oil temperature is excluded from the memory matrix for weight
vector calculation in the modified NSET model, leaving the involved variables to be the
gearbox bearing temperature, nacelle temperature and the turbine power output. The size
of memory matrix for the standard model was chosen #xB89. The same numbef o

state vectors including those two additional vectors is retained in the modified model for
a fair comparison. And all the validation and testing data here are also kept exactly the

same as used in the standard model.
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Figure4-14: Validation results of T1 for modified NSET

The model validation results as illustrated-igure 4-14 exhibit significant degradation

from those for the standard model as showfkigure4-6. The summarised statistics for
validation residuals iTable4-6 also provides indication of deteridea accuracy for the
modified model. Similar observations can be found for the testing cases from both the
testing statistics iMable 4-6 and the comparison betweérgure 4-15 and Figure 4-7

for turbine T17 andFigure 4-16 and Figure 4-8 for turbine T16. An additional
observation is the dramatic reduction in detected alarms compared with the standard
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model, in particular for the testing case of T17 as showkigare4-15(b), where only
few isolated and inconsistent alarms are recorded. The value of both the residual ratio
and the detection ratio ihable4-6 also imply a reduced effectiveness of the modified

model.

The poor model performance in terms of accuracy and detection sensitivity is very likely
due to the lack of model input variables. Unlitee reference d1], in which the
successful implementation of modified NSET model is based on more than 20 highly
modetrelevant parameters, only 3 variables available in this case. Further inclusion

of gearbox oil related variables is expected to improve the modified version of model.
For example, the rotor/generator rotational spggedin this case it is a fixed spesthll
regulatedturbine) is directly asociated with the gearbox loading and hence being
believed to improve the model accuracy. This variable is included in the input sets in the
gearbox related model developed in referent2]][ but it is not available in the

SCADA data for the presented case studies.

For the reasons mentioned above, the modified NSET model will not be used in the

following analysesn this chapteand instead the standard NSET modadhosen.

Validation: T1 Testing I: T17 Testing Il: T16

Mean| RMS | Mean| RMS | RR | DR | Mean| RMS | RR | DR
B) | GB) | B) | @G) %) | ) | (3) (%)

Standard| 0.212 | 0.321 | 0.862| 1.139| 3.55| 49.3| 1.181| 1591 | 4.96| 61.2
NSET

Modified | 2.968 | 3.644 | 4.577| 5.145| 1.41| 0.12| 5.172| 5.747| 1.58| 20.7
NSET

Table4-6: Model effectiveness comparison between standard model and modified

model
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Figure4-15: Testing results and anomaly detectadriT 17 for modified NSET
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Figure4-16: Testing results and anomaly detection of T16 for modified NSET
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4.3.7. Impact of memory matrix normalisation on model performance
The standard NSET model keeps the origvelle of variables in the state memory

matrix in order to calculate the weight vector applied to the different states when
calculating the estimate of the variable of interest. In Section 4.1.1 it was explained that
a Euclidean distance operator was ulkedhe weight vector estimation. However, it is
clear that a Euclidean distance calculated from the raw values of the various variables
would be dominated by the variable with the largest range of values. In thishease
value of turbine power output i the order of 10kW and the rest of the temperature
related variables in the standard model are of the order'af 180 the power output
obviously make the most contribution, which may not be desirable. In order to eliminate
this bias, it is preferabl® normalise all the variables individually with respect to their
respective ranges, as implemented in refereddle The effect of normalising variables

on themodel performance is explored as follows.

(a) Model estimations and observations
60 T T T T T

50 ) oA ST N I !

30 !
model estimation

Gearbox oil temperature (degree Celcius)
N
o
T
1

o . = stampslfirg?mn per poit) I
%\ 06 L (b) IL?aW residuals a[1d filtered residl.tals L
Uiy A
% 0.2F WM‘ d i M‘Hi‘ M N ‘MA il
Mwmli&vm)@miﬁwﬂ l“‘ MW& | WJMM Wﬂm W “M WWWMWWJM W“‘W‘ Ww |

0 500 1000 1500 2000 2500 3000
Time stamps (10min per point)

Figure4-17: Validation results of T1 for normalised NSET
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The same validation and testing data are retained for the analyses here and the
corresponding results apresented irFigure 4-17, Figure 4-18 and Figure 4-19 with
their residual statistics summarisedliable4-7.

It can be found that the general model accuracy in all the validation and testing cases has
been significantly enhanced by normalising the variables. However, the downside of the
normalised NSET model is the reduction of the detection sensitivity, which is expressed
by both the DR value ifable4-7 and the anomaly detection resultsFigure 4-18(b)
andFigure4-17(b) for testing cases | and Il. In particulargure4-18(b) shows a slower

and much less frequent detection for T17 compared to the reshltire4-7(b).

An additional period of testing data is chosen with one month of healthy operational data
from July of 2006 for turbine T16 after its gearbox was replaced following the known
failure. This extra case, referred to as testing case lll, is employed to iategtig

model 6s resistance to false alarms and th
Figure4-20 andFigure4-21andTable4-7. Ideallyt he model 6s resi stanc
should be explored based on data fragalthyturbinesoperating withhigh gearbox oll
temperatureshuttheseoccasions are very rare and the only availabli&a points had to

be used as part of the training set and could not, therefore be used for testing.

Figure4-20 and Figure 4-21 illustrate the results of the standard and normalised NSET
model for testing case Ill. The figures show relatively low level of cooling oll
temperature even though it was in July, confirming a healthy gearbox as mentioned
earlier, in which case the detiext ratio should be zero as shown Higure 4-21.
However, false alarms could be observed-igure 4-20, making the standard NSET

model less effective than the normalised model.

The normalised NSET model generally performs better than the standard one in terms of
model accuracy and resistance to false alarms although it shewtetestion sensitivity.

As might be expected greater detection sensitivity results in more false alarms. Choosing
the best model must reflect this traofé The next section will further investigate the

impact of weighted variables on the performaoteormalised model.
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Figure4-18: Testing results and anomaly detection of T17 for normalised NSET
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Figure4-20: Testing results of healthy T16 in testing case Il for standard NSET
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Figure4-21: Testing results of healthy T16 in testicagse Il for normalised NSET
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Validation: T1 Testing I: T17 Testing Il: T16 Testing lll: T16
Mean | RMS | Mean| RMS | RR | DR | Mean| RMS | RR | DR | Mean | RMS | RR | DR
G) | B) | (B)] @) )| ) | G) )| ) | ) (%)
Standard NSET 0.212 | 0.321 | 0.862| 1.139| 3.55|49.3|1.181|1.591| 4.96| 61.2| 0.189 | 0.366| 1.14| 2.55
Normalised NSET 0.086 | 0.125| 0.229| 0.367| 2.94| 16.5| 0.526| 0.720| 5.76| 48.5| 0.049 | 0.146|1.17| O
Normalised NSET witf 0.059 | 0.091| 0.142| 0.254| 2.79| 12.1| 0.396| 0.547| 6.01| 47.2| 0.031 | 0.100| 1.10| O
weighted variables
Reduced parameter| 0.002 | 0.025| 0.110| 0.176| 7.04| 39.9| 0.153| 0.220| 8.80| 56.5| -0.055 | 0.155| 6.2 | O
NSET
Time lagged NSET | 0.003 | 0.027| 0.127| 0.196| 7.26| 40.1| 0.166| 0.240| 8.89| 54.1| -0.096 | 0.227|8.41| O

Table4-7: Further nodel effectiveness comparison undéferent situationgor gearbox case study
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4.3.8. Impact of weighted variables in the distance norm on model
performance
The contribution of different variables to the calculation of the Euclidean distance has

been discussed in the last section and this leads to the idea of refining the distance
calculation using weighted variables. In this case, the nonlinear opgraised for
weighting vector calculation as shown in Equafi#Y) is updated with Equatiof#-17)

where the weighting parametet) ,are assigned with the associated correlation

coefficients for the variables with the cooling oil temperature as showabie4-3.

o5 « Mo o (4-17)

This is believed to enhance the model accuracy since the more relevant, i.e. more highly
correlated, variablesuch as the gearbox bearing temperature, can then make a greater
contribution through weighting of the distance metric than the less relevant variables,

such as the nacelle temperature.

The statistics of the corresponding residuals for the validatiotesatidg cases are listed

in Table4-7 to form a contrast with the results from the normalised NSET model which
is at this point the preferred model. It can be shesugh the RMS valuef®r validation
residualsthat the model accuracy is improved by assigning weighting to different
variablesin the distance norm calculatiohhe resistance to false alarmsalso retained

in this case anthe detection sensitivity igery slightly worse Although the ability to
detect anomalies is slightly reduced, the overall model performance is excellent. The
impact of reduced parameter on the model performance is explored in the next section

based on the normalised NSET model witighted variables.

4.3.9. Discussions of the model performance by removing the

parameter of Gearbox bearing temperature
It can be seen fromable4-4 that both the maximalegarbox cooling oil temperature and

the bearing temperature in the testing casesibit higher levels than those in the
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training/validation set. More clear relationships are illustratdeignre4-22 andFigure

4-23 where the cooling oil and bearing temperatures are plotted against the turbine
power output for T in testing case and TX/ in testing case lIrespectively. The

pattern formed between thmoling oil temperature of anomalous turbines and their
power output in both figures shows significant deviations from that of the healthy
turbines. This demonstrates the sensitivity of the gearbox cooling oil temperature to the
impending failure and hencdemonstrating the importance of this variable as an
effective condition indicator. The relationship between anomalous gearbox bearing
temperature and the corresponding power production also exhibits differences
(increasingrend similar tahe cooling oiltemperature cayérom the normal conditions

in these two figuresthough with less degree oftliscrepancythan the cooling oll
temperature case. This is understandable since the bearing temperature is affected by the
progressive degradation within the geax andthe associatethcreasein temperature
through heat conduction between the two. It should also be noted that it has been
confirmed that neither test case involved a main bearing failure. However the inclusion
of such variable could potentially deg d e t he model 6s ef fect
identification since the elevated bearing temperature would lead to higher model
estimations of oil temperature than with the bearing temperature absent from the model,
and hence resulting in smaller testing residuahd potential failure in anomaly

detection.

Figure4-22. Gearbox temperature vs. power output for iril&sting case |
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