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Abstract

Thispaperpresentsanacademia-industryjointcasestudy,whichwasconducted

toquantifyandcomparemulti-yearchangesinpowerproductionperformance

ofmultipleturbinesscatteredoveramid-sizewindfarm. Thisanalysisisre-

ferredtoasaspace-timeperformancecomparison. Onekeyaspectinpower

performanceanalysisistohavethewindandenvironmentalinputscontrolled

for. Thisresearchemploys,inasequentialfashion,twoprincipal modeling

componentstoexercisetightcontrolof multipleinputconditions—acovari-

atematchingmethod,followedbyaGaussianprocessmodel-basedfunctional

comparison. Theanalysismethodisappliedtoawindfarmthathouses66

turbinesonamoderatelycomplexterrain.Thepowerproductionandenviron-

mentaldataspannearlyfouryears,duringwhichperiodtheturbineshavegone

throughmultipletechnicalupgrades.Thespace-timeanalysispresentsaquan-

titativeandglobalpictureshowinghowturbinesdifferrelativetoeachotheras

wellashoweachofthemchangesovertime.
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1.Introduction

Evaluationandcomparisonofthepowerproductionperformanceofwind

turbinesareimportanttomanywindfarmowners/operators,aspowerproduc-

tioncapacityisinvariablyoneofthekeyperformanceindices(KPI)andplays

crucialrolesinnumerousdecisionsmaderoutinelybytheowners/operators. We

wanttoclarifythat(a)powerproductionperformance,referredtointhisstudy,

ispertinenttocommercialproductionofwindturbines,ratherthanduringthe

designortestingstagesand(b)thisperformanceevaluationtreatsanindividual

turbineasaholisticpowerproductionunit,withwindandotherenvironmental

conditionsimpactingaturbineastheinputsandpowerproducedatthatturbine

astheoutput. Therearetwoprimaryaspectsoftheperformanceevaluation

mission—tocompareoneturbinewithanotherturbineonthesamewindfarm

andtocompareaturbinewithitselfovertime,especiallyduringtheperiods

whencertaintechnicalupgradeshavebeenundertaken. Addressingboththe

spaceandtimeaspects,werefertotheperformanceevaluationandcomparison,

reportedinthispaper,asaspace-timeperformanceanalysis.

Windenergyisavariablerenewableenergysourcebecausewindandenvi-

ronmentalconditionsarechangingallthetime. Forthisreason,inthetask

ofturbineperformancecomparison,itiscriticaltohavetheinputconditions

controlledforbeforecomparingthepoweroutputs. TheInternationalElec-

trotechnicalCommission(IEC)standardpracticerecognizestheintermittent

andstochasticnatureofwindand,therefore,recommendstheuseofthepower

curveforthepurposeofevaluation[1,2]. Thetopicofturbineperformance

evaluationiscoveredinChapter6in[3]aswellasin[4].Specializedquantifi-

cationmethods,especiallyforvortexgenerator(VG)installation,areexplained

inChapter7in[3],ortheoriginallypublishedpapers[5,6].

Manyoftheexistingturbine-levelorturbine-specificperformanceevaluation

methods,especiallythosebasedontheIECstandardpractice,primarilycontrol

oneprincipalinputfactor,whichisthewindspeed.Thisisnottosaythatthe
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IECdoesnotrecognizetheinfluenceofotherconditions. Rather,thepoint

isthattheconventionalwayofaccountingforotherfactorsislesseffective.

Onthispoint,Chapter5in[3]providesanelaborationbackedbynumerical

evidence.Anothershortcomingoftheexistingperformanceevaluationmethods

isthefactthatalthoughthepowercurveisafunctionalcurve,orafunctional

responsesurfacewhileconsideringmulti-dimensionalinputs,almostallexisting

methodsreducethefunctionalcurvetoascalarmetric,beittheannualenergy

production(AEP)[1],orthepowercoefficient[7,8],orarecentlyproposed

productiveefficiencymeasure[9]. Webelievethatitwouldbeidealtocompare

twofunctionalcurvesdirectlywithoutreducingthemtoascalarmetricbecause

incomparingtwofunctionalcurves,onecanidentifytheregionsofdifferencein

powerproduction,whichcanleadtovaluablecluesaboutperformancechanges

andhelpfigureouttherootcausesofthesechanges.

Wewouldliketoaddressthesetechnicalissuesforconductingthespace-time

performanceanalysis. Tocontrolforthemultiplechangesinwindandother

environmentalconditions,weadoptacovariatematchingmethod[3,Chapter

7]. Herethetermcovariatereferstothewindandotherenvironmentalinput

conditionsandissynonymoustotheterminputvariable.Throughtheprocess

ofmatching,theinputconditionsforaturbinebeforeandafteracheckpoint,

orthosefortwoturbines,becomeprobabilisticallycomparable,asiftheseco-

variatesweredesignedbyexperimenterstobedrawnfromthesameprobability

distribution. Asaresult,theoutcomesoftwoturbinesofthesameperiodor

twoperiodsofthesameturbinearecomparableunderthematchedcovariate

conditions.

Thecovariatematchingisthefirstmaincomponentofourproposedproce-

dure.Duetopracticalityconstraints,covariatematchingonlycontrolsthewind

andotherenvironmentalconditionsuptoaprescribeddiscrepancythreshold,

say,25%.Thesecondmaincomponentistoconductadirectfunctionalcurve

comparisonofmulti-dimensionalpowercurves.Thissecondcomponentisbased

onarecentmethodologydevelopmentintheareaoffunctionaldataanalysis,

andspecifically,theGaussianprocess(GP)-basedmethodpresentedin[10].

3



Onemayquestionwhythefirstcomponentisstillnecessary,considering

theavailabilityofthefunctionalcurvecomparisonmethodinthesecondcom-

ponent. Thereasonisthatthe methodusedin[10],althoughtheoretically

capableofcomparingfunctionalcurvesofanydimensions,needs,inpractice,

alargeamountofdata.Italsodemandsheavycomputationifitisapplied

tohigh-dimensionaldata.Itworks,however,wellenoughforhandlingtwoor

threeinputvariables,e.g.,windspeedandwinddirection,orwindspeed,tem-

perature(orairdensity),andturbulenceintensity. Thefirstcomponent,on

theotherhand,canbeconductedratherefficiently,evenifthereexistmany

inputvariables.Apparently,theinclusionofthefirstcomponentistohavethe

varyinginputsmoreorlesscontrolledfor,regardlessoftheinputsdimensions,

beforethesecondcomponentisappliedtotheinputsofreduceddimensionfor

functionalcomparison.

Theproposedmethodisfirstappliedtotwocasesofknownturbineup-

grades. Thedatasetsusedarepubliclyavailable. Theresultsofourmethod

arecomparedwithtwoexistingmethods[5,6]onupgradequantificationtoes-

tablishcredibility. Wethenapplytheproposedproceduretodatacollectedon

66turbines,onaterrainofmoderatecomplexity,overafour-yearperiod.The

finalcomparisonresultsareshowninaspace-timeillustrationvisualizingthe

quantitativeandglobalpictureofhowturbinesdifferrelativetoeachotheras

wellashoweachofthemchangesovertime. Alltheanalysisinthepaperis

doneusingRsoftware[11]andtheDSWEpackage[12]availableonGitHub.

Therestofthepaperunfoldsasfollows. Section2explainstheapplica-

tionbackgroundanddatasetstobeusedinthisstudy.Section3outlinesthe

overallprocedurefortheproposedperformanceanalysisandprovidesmorede-

tailsaboutthetwoimportantcomponentsinourprocedure.Section4presents

theanalysisresultsanddiscussesthepracticalimplications.Finally,Section5

summarizesthisstudy.
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2. BackgroundandData
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Figure1presentsthelayoutofthe66inlandturbinesonthewindfarm.All

turbinesareofthesamemodel,whichbelongstoa1.5MWturbineclass.The

windfarmterrainisofmoderatecomplexity. Theelevationofthewindfarm

isnoteven. Forinstance,theturbinesinGroupAareonahilltop,higher

thantheotherturbines. Thereisasinglemeteorological(met)mastonthis

windfarm.ItslocationisnearTurbine#12. Thewindfarmlayouthasbeen

transformedtoprotecttheidentityofthewindfarm.Buttherelativepositions

betweenturbinesaremaintainedtoreflectthereality. Togiveasenseofthe

physicaldistance,thedistancebetween#12andmetmastis80metersand

thatbetween#12and#11isabout300meters.

Figure1:Layoutoftheturbinesonthewindfarm.

ThedatasetscollectedonthiswindfarmrunfromAugust,2014through

May,2019,spanningalittlebitoverfiveyears.Therearelotsofmissingdata

5



inthebeginningphaseoftheperiod—betweenNovember,2014andFebruary,

2015. Therearestillmissingdataintherestoftheyears,butlessfrequently

so.ThedataweendupusingiseffectivelyfromJuly2015onwardsforaperiod

ofaboutfouryears.

Theinstantactivepowerofaturbineisdenotedbyy.Thewindandother

environmentalcovariatesaredenotedbythevectorx. Thedatasetsrecorded

windspeed,W,winddirection,D,andambienttemperature,T,butdidnot

recordairpressureorhumidity.Becausethereisnoairpressuremeasurement,

temperatureisusedinplaceofairdensity.Themeasurementsweretakenonthe

nacelleofindividualturbinesusingappropriateinstruments,suchasanemome-

terformeasuringwindspeed,windvaneforwinddirectionandthermometer

forambienttemperature.

Theoriginaldatasetsrecordedthedataatafrequencyofseventoeightdata

pointspersecond. Thishigh-frequencydataisusedtocalculateturbulence

intensity,denotedbyTI,thestandarddeviationinwinddirection,denoted

bysdD,aswellastogeneratethe10-minaveragewindspeed,directionand

temperature.Ultimately,xhasfiveelements,i.e.,

x=(W,T, D,TI,sdD).

Thewindfarmwentthroughthreetechnicalupgradesduringthefouryears,

whichpartitionthewholetimedomainintofourperiods.Figure2illustrates

thetimelineofthoseupgrades. Thenatureoftheupgradesiskeptconfiden-

tial,butwheneveranupgradewasapplied,itwascarriedoutuniformlyonall

turbines.ThethreeupgradesarecodedasP1,V1,andP2,respectively.The

timesatwhichtheseupgradesweredoneisindicatedinFigure2.Inthefigure,

thecodenamesinthetoprowindicatethetechnicalsettingoftheturbinesin

therespectiveperiod. WhenwecomparetheturbineperformanceforPeriod2

to1(denotedas“[2-1]”intheFigure2),weareessentiallycomparingthetech-

nicalsettings“V0+P1”and“V0”. Othernotationsanddatescanbelikewise

interpreted.Theaveragenumberofdatapointsperturbineforeachperiodis

reportedinTable1.Thethirdperiodhasfewerdatapointsbecauseitisshorter
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[2-1]: Comparing 
Period2to 1

[4-3]: Comparing 
Period4to 3

[3-2]: Comparing 
Period 3 to 2

2015 2016 2017 2018 2019

Jul 2016

Period 2 Period 3 Period 4

V0 V1+P1V0+P1 V1+P2

Period 1

Nov 2017 Jun 2018

Figure2:Thetimelineofthetechnicalupgrades.

thantheotherthreeperiods—itisabouthalfayear,whereastheotherperiods

areaboutayear.

3. The Method

Thissectiondescribesthekeycomponentsinthedevisedprocedure. The

procedureissupposedtoworkontwosetsofturbinedataatatime.Interms

oftime-wisecomparison,thedataoftwoperiodsofthesameturbinebefore

andafteratechnicalactionareusedtoquantifyhowmuchaturbinechanges

duetothattechnicalaction.Intermsofspace-wisecomparison,thedataof

twoturbinesofthesameperiodareusedtoquantifyhowmuchthesetwotur-

binesdifferfromoneanother.Foreachpair-wisecomparison,threestepsare

undertakensequentially:

1.Selectthebestcovariatesubsetthatcontributesthemosttowardspower

curvemodelingandranktheimportanceoftheselectedcovariates.

2.Conductcovariatematchingtofilterthedata,sothatthechosensubsets

arestatisticallycomparable.

3.UsethedatachoseninStep2toestablishGP-basedmulti-dimensional

powercurvemodels,conductthefunctionalcurvecomparison,andquan-

tifythedifference.

Table1:Numberofdatapointsperturbinecorrespondingtoeachperiod.

Jul2015–Jul2016 Aug2016–Oct2017 Dec2017–May2018 Jul2018–May2019

Technicalsetting V0 V0+P1 V1+P1 V1+P2

Dataamount 47,712 52,373 22,800 37,658
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ThethreestepsareexplainedinSections3.1–3.3,respectively,whereasSec-

tion3.4explainshowwecomputethequantitativeperformancemetrics.Note

thatSteps2and3correspondto,respectively,thefirstandsecondmodeling

componentsmentionedinSection1.Inordertoprovideaneasyreferencefor

thenotations,Table2providesanomenclaturelistfortheimportantnotations

usedinSections3.1–3.3.

Table2:Nomenclaturetable.
Notation Meaning

Q1 Indexsetforthefirstdatasetbeforecovariatematching

Q2 Indexsetfortheseconddatasetbeforecovariatematching

xQ ValuesofcovariatexintheindexsetQ

QA IndexsetsatisfyingsomeconditionA

Thresholdingcoefficientregulatingthetightnessofthematching

D1 Firstdatasetaftercovariatematching

D2 Seconddatasetaftercovariatematching

X(1) n1×pmatrixwithinputvariablevaluesforthefirstdatasetaftercovariatematching

X(2) n2×pmatrixwithinputvariablevaluesfortheseconddatasetaftercovariatematching

y(1) Vectoroflengthn1withoutput(powerproduced)forthefirstdatasetaftercovariatematching

y(2) Vectoroflengthn2withoutput(powerproduced)fortheseconddatasetaftercovariatematching

f1(·) Trueunderlyingpowercurveforthefirstdataset

f2(·) Trueunderlyingpowercurvefortheseconddataset

f̂1(·) Estimateofthepowercurveforthefirstdataset

f̂2(·) Estimateofthepowercurvefortheseconddataset

Xtest ntest×pmatrixofinputpointsonwhichthefunctionsf̂1andf̂2wouldbecompared

∆unweighted DifferencebetweentheestimatedpowercurvesonthetestpointsXtest

∆weighted Weighteddifferencebetweentheestimatedpowercurvesonthetestpoints Xtest

∆scaled Differencebetweentheestimatedpowercurvesscaledtothebefore-matchingdatasets

3.1.Subsetselectionandcovariatesranking

Thisstepistoscreentheinputcovariatesandselectthecovariatesubset

thatcanbestexplainthepoweroutput.Thegoldstandardforsubsetselection

isarandomized5-foldor10-foldcross-validation[13]. Thecriterionusedfor

selectioniseitherarootmeansquarederror(RMSE)orameanabsoluteerror

(MAE)[13,Chapter7]. Usingeithercriterionproducessimilaroutcomes,as

underanormalityassumptionfortheerrors,bothRMSEand MAEwould
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resultinthesameoptimalvalue.Inthisstudy,weusea10-foldcross-validation

andRMSE.

Inordertocarryoutthecross-validation,onewouldneedtochooseare-

gressionmethodformodelingthepowercurve.Herewerecommendusingthe

k-nearestneighbors(kNN)methodowingtoitssimplicityandcomputational

efficiency[13,Chapter2].However,practitionersarefreetochoosefromavari-

etyofdatasciencemodels—anarrayofthoseareexplainedinChapter5in[3].

Whenusingdifferentdatasciencemodels,itispossiblethatadifferentbest

subsetcouldhavebeenselected. Whentestingonthewindfarmdataathand

usingthetwobestperformingmethodsforpowercurvemodeling—kNNand

additivemultiplicativekernel(AMK)—asper[3,Chapter5],wefindthatthe

subsetselectionoutcomeisratherinsensitivetothechoiceofdatasciencemodel

used.

ThewaytousethekNNmodelforestablishingapowercurvemodelisex-

plainedinSection5.3.1in[3]. Withtheavailabilityofpackagesimplementing

kNNinvariousprogramminglanguageslikeinR,Python,andMATLAB,aprac-

titionercansimplyarrangethedataintotrainingpairs,{xi,yi,i=1,...,n},

wherenisthenumberofthedatapoints,andthenutilizetheappropriatefunc-

tioninoneofthepackagestofitamodel.Theaforementionedcross-validation

isanessentialandstandardprocedure;see,forinstance,Algorithm2.1in[3].

Toselectthebestsubset,werecommendusingagreedyalgorithm,either

theforwardstepwiseselectionorbackwardstepwiseselection[13,Chapter3].In

ourimplementationweusetheforwardselection. Whenwetestthebackward

selectiononourdata,itdoesnotproduceadifferentoutcome.

Theforwardselectionistoscreenallthevariablesinx,provisionallychoose

onevariableatatimetobuildamodelandcomputethecorrespondingRMSE

(orMAE)forthatmodel.ChoosethevariablethatproducesthesmallestRMSE

andaddthattothemodel.Conditionedonthevariablesthathavebeenthisfar

added,screentheremainingvariables,whichisto,again,provisionallyaddone

variableatatimeandchoosetheonethatcanproducethegreatestreduction

inRMSE.Theprocessstopswhentheresultingmodel’sRMSEisnolonger
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reducedontheadditionofavariable.Thesubsetofvariablesthatproducethe

smallestRMSEisthebestsubsetweareseekingandtheorderbywhicheach

variableisselectedshowsthenaturalorderofcovariateimportance.

Theaboveprocedurecanbeappliedtoeveryturbineonthefarmtoselect

thebestsubsetforeachofthem.Becausethenumberofcovariatesinxneedsto

bethesamewhenitgetstothelatersteps,onecancreatetheunionofthebest

subsetsandusetheunionasthefinalx. Alternatively,onecanselectoneor

tworepresentativeturbinesandusethemtoselectthebestsubsetforthewhole

farm;thislatterapproachistoshortenthetimeforselection. Ourexperience

indicatesthatthetwoapproachesyieldfinaloutcomesthatarenotdissimilar.

Usingthelatterapproach,weselectTurbines#45and#54asourrepresen-

tativeturbines. Thetwoturbinesareusedbecausetheirwinddirectiondata

aredirectlycalibratedbythewindfarmoperator.Table3presentstheRMSEs

aswegothroughtheseriesofmodelshavingdifferentnumberofcovariates.For

bothturbines,thethree-variablesubsetsincluding{W,T,TI}isthebestsubset.

We,therefore,usethethreecovariatesinthesubsequentanalysis.Theimpor-

tanceorderofthethreecovariatesisthesequenceinwhichtheyareselected,

i.e.,W>T>TI.

Table3:Subsectselectionandimportanceordering. RMSEvaluesbelowareinpercentage

relativetotheratedpower.Thebestsubsetisshowninboldfacefont.

Covariates #45’sRMSE #54’sRMSE

W 4.06% 3.08%

W,T 2.88% 2.42%

W,T,TI 2.80% 2.37%

W,T,TI,D 3.03% 2.68%

W,T,TI,D,sdD 3.27% 2.85%

3.2.Covariatematching

ThemethodforcovariatematchingisexplainedinSection7.2.1in[3].To

stateitformally,letusadoptsomenotationsfrom[3]. Denotetheindexset
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ofthedatarecordsoftwoperiodsortwoturbinesbyQ1andQ2respectively.

Here“1”and“2”beargenericmeanings,notreferringtoTurbines#1and#2

onthewindfarm.LetxQ denotethevaluesofacovariatexfordataindices

inQ. Forexample,WQ1 isthevectorofwindspeedvaluesassociatedwith

Period/Turbine1.TheattempttomakethewindspeedinQ1tomatchdata

recordjinQ2canbeexpressedas

QWj:={i∈Q1:|Wi−Wj|< ·σ(WQ1)}, (1)

whereσ(x)isthestandarddeviationofxinthespecifieddatasetand isthe

thresholdingcoefficientregulatingthetightnessofthematching. Bycarrying

outthisoperation,wetreatthedataindexedbyQ2asthebaseline.Ifwerepeat

thisoperationforeverydatarecordinQ2,thenQW istheindexofthematched

datarecordsinQ1.

Intheabovematchingprocess,twosituationsneedtobeaddressed. One

situationisthatQWjcouldturnouttobeanemptyset,meaningthatnodata

pointinQ1isfoundcloseenoughtoWjinQ2. Whenthathappens,thenletit

beso.TheothersituationiswhenQWjhasmultipleelements.Inthiscase,we

recommendselectingthedatapointclosesttothedatarecordtobematched

andputtingtherestofthedatapointsbackinQ1.

Thenumberofcovariatesinvolvedinthisstepisthebestcovariatesubset

identifiedintheprecedingstep.Sincethebestcovariatesubsetcontainsmultiple

covariates(thechancethatStep1selectsonlyasinglecovariateisnexttozero),

weneedtoapplythematchingproceduresequentially,i.e.,throughAlgorithm

7.1in[3],whichislabeledashierarchicalsubgrouping.Thedefaultsequenceof

thehierarchicalsubgroupingisfromthemostimportantcovariatetothelest

importantcovariate. Thisisthereasonwhywewanttoranktheimportance

ofcovariatesinSection3.1. Whentherearemultiplelayersofmatching,the

thresholdingcoefficient, ,canbedifferentateachlayer. To makethings

simple,however,werecommendselectingasingleconstantthresholdforthe

wholeprocedure.Inourstudy,weset =0.2.

Thereisonemoretechnicalpointtobestressed. Theaboveprocedureof
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covariatematchingtreatsoneoftheperiods/turbinesasthebaseline. Whenthe

baselineisswitchedtotheotherperiod/turbine,thereisasmalldiscrepancy

betweenthetwodatasubsetsselected.Inorderforthesubsequentcomparison

betweentwoperiods/turbinestobesymmetric,meaningthatregardlessofwhich

period/turbineisusedasthebaseline,thecomparisonoutcomeremainsthe

same,asimplefixistoconductthecovariatematchingtwiceforeachpair-

wisecomparison.OneusesPeriod/Turbineiasthebaselineandtheotheruses

Period/Turbinejasthebaseline.Thetwomatcheddatasetsarethencombined,

duplicatesofanydatapointsareeliminated,andtheresultingdatasetisused

asthefinalmatcheddataset.

Figure3illustrateswhatthiscovariatematchingismeanttoaccomplish.The

leftpanelshowstheempiricallyestimatedprobabilitydensityfunctions(pdf)

beforethematching,whereastherightpanelshowsthepdfsafterthematching.

Apparently,beforethematching,thewindandenvironmentalconditionsofthe

twoperiodsdiffernoticeably,whereasafterthematching,theyagreewitheach

otherconsiderably.

3.3.Gaussianprocessmodelforfunctionalcurvecomparison

Prakashetal.[10]proposeamethodforfunctionalcomparison,whichtests

thenullhypothesisthatthefunctionsareequalatallinputpoints. Whenthe

nullhypothesisisrejected,Prakashetal.’smethodidentifiestheregioninthe

inputspacewherethefunctionsincomparisonaredifferent. Theirmethodis

basedonGPregression,apopularmachinelearningmethod[14],nonparametric

innature,andbroadlyusedinvariousdatasciencetasks.

RecallthatSection3.1selectsthecovariatesubsetofdimensionp,which,

forourwindfarm,areW,T,and,TI,whereasSection3.2selectsthestatisti-

callycomparabledatasubsetsforTurbine/Period1and2,whichwedenoteas

{Di,i=1,2}ofnidatapointseach.DatasetD1canbedenotedbyanordered

pair{X(1),y(1)},whereX(1)isann1×pmatrixwitheachrowcorresponding

tothecovariatesofonedatapointandy(1)isann1×1vectorwitheachel-

ementcorrespondingtothepoweroutputofthedatapair.SimilarlyD2can
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bedenotedas{X(2),y(2)}.Prakashetal.[10]assumethatthesedatasetscome

fromunderlyingmodelsgivenby:

yij=fi(xij)+ij, i=1,2, j=1,...,ni, (2)

wheref1(·)andf2(·)aretwosmoothcontinuousfunctionswiththesamedomain

ofX⊆Rpand ij
iid
∼N(0,σ2)withσ2asthevarianceofthenoise.Prakashet

al.[10]meantotestthefollowinghypotheses,namely,underthenullhypothesis

H0:

f1(x)=f2(x) forx∈X, (3)

andunderthealternativehypothesis,H1:

thereexistsanx∈X s.t. f1(x)=f2(x). (4)

Forthewindturbineapplication,f1(·)andf2(·)arethemulti-dimensional

powercurvefunctionsassociatedwithPeriod/Turbine1and2,respectively.

Thetruef1(·)andf2(·)are,ofcourse,unknownandtheyaretobeestimated

fromthedata.Todothat,Prakashetal.[10]assumethatf1(·)andf2(·)are

samplesfromaGPwithzeromeanandacovariancefunctiongivenbyk(x,x).

Then,defineacross-covariancematrixK(X,X)betweenapairofinput

variablematrices,XandX,andacovariancevector,r(x),betweentheinput

dataXandanypointxasfollows:

K(X,X)=











k(x1,x1) k(x1,x2) ... k(x1,xn)

k(x2,x1) k(x2,x2) ... k(x2,xn)
...

...
...

...

k(xn,x1) k(xn,x2) ... k(xn,xn)











, r(x)=











k(x1,x)

k(x2,x)
...

k(xn,x)











,(5)

wherex1...xnarethevectorsintherowsofX,andx1...xn arethevectors

intherowsofX.Theestimatedpowercurvefunctionforf1(·)givenD1,and

thatforf2(·)conditionedonD2,are:

f̂1(x)=r1(x)[K(X
(1),X(1))+σ2In1]

−1y(1),

f̂2(x)=r2(x)[K(X
(2),X(2))+σ2In2]

−1y(2),
(6)
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whereri(x),fori=1or2,isthecovariancevectorbetweenX
(i)andanypoint

x,andIniisanni×niidentitymatrix.Theestimatedpowercurvefunctions

giveninEquation(6)arethebestlinearunbiasedpredictorsforf1(·)andf2(·),

respectively,undertheGPmodel[14].

Oncethetwopowercurvefunctionsareestimated,wecantestthefunction

comparisonhypothesisonadenseregulargridT ⊂X.Assumethatthenumber

oftestpointsinTisntestanddefineamatrixXtestsuchthateachrowofthe

matrixrepresentsonetestpointinT.Then,wecanusetheabovepowercurve

functionstopredictpoweroutputforallthepointsonthegridofT,asfollows:

f̂1=K(Xtest,X
(1))[K(X(1),X(1))+σ2In1]

−1y(1),

f̂2=K(Xtest,X
(2))[K(X(2),X(2))+σ2In2]

−1y(2),
(7)

wheref̂1=(f̂1(x1)...̂f1(xntest)),andf̂2=(f̂2(x1)...̂f2(xntest)). The

hypothesistestisthentotestwhetherf̂2−f̂1=0ornot.

Inourapplication,wedecidetousethetwomostimportantfactorsidentified

inSection3.1tofittheGP-basedpowercurvemodelandconductthetesting.

ThetwofactorsareW andT. Thereasonweusethetwo-variableinputis

tomakethecomputationinthefunctionalcomparisonmoretractable. From

Table3,itisclearthatwhenusingathree-variablepowercurvemodel,itonly

improvesthemodelaccuracymarginally(about2–3%)fromthetwo-variable

model,whileincludingTimprovesthemodelaccuracysubstantially(22–30%)

ascomparedwiththeone-variablemodelhavingonlyW.

Figure4illustratestheoutcomesofthisGP-basedfunctionalcurvecom-

parison. ThisexampleusesthedatafromTurbine#41. Thetwopanelsplot

thepowerdifferencecurve(i.e.,f̂2−f̂1)versusthewindspeed,aswellasthe

associated95%confidenceband. Whenaportionofthepowerdifferencecurve

isoutsidethe95%band,wecansaythatthenullhypothesis,f̂2−f̂1=0,is

rejectedatthesignificancelevelof95%.

Theleftpanelisthepowerdifferencecurvebetween#41’speriod2versus

period3andthenullhypothesisisrejected. Whenarejectionhappens,this

powerdifferencecurveandits95%bandclearlyidentifiestheregionofrejection.
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Figure4:Powerdifferencecurvesandthecorresponding95%confidenceinterval.

Inthiscase,itisfrom7m/stoabout17m/s,i.e.,theRegionIIandpartof

RegionIIIonapowercurve,whichareimportantforpowerproduction.For

now,onecanignorethestatisticaldifference,whichwillbeexplainedinthe

nextsubsection.

Therightpanelisfrom#41’speriod3butthedataofthatperiodissplit

intotwosubsetsviarandomsampling.Andthecomparisonofthesetwosubsets

withinasingleperiodproducesapowerdifferencecurveclosetozeroatmostof

theinputdomain,exceptatthehighwindspeedend.Atthehighwindspeed

end,theuncertaintyishigh,asevidencedbyamuchbroader95%confidence

band.Thisisduetothescarcityofdatainthathighwindregion.Theentire

powerdifferencecurveisinsidethe95%confidenceband,sothatthenullhy-

pothesiscannotberejected,suggestingthatthereisnostrongenoughevidence,

upto95%levelofsignificance,tostatethatthepowercurvesassociatedwith

thesetwosubsetsofdataaredifferent.

3.4.Performancemetrics

Toquantifythedifferencebetweentwoturbinesortwoperiods,apower

difference metricintheunitofkilo-Watts(kW)isdefinedforthetwotur-

bines/periodsinvolved,asfollows:

∆=
1

ntest

ntest

i=1

(̂f2(xi)−f̂1(xi)). (8)
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Then,thepowerdifference,inpercentage,isdefinedas

∆%=
∆

1
ntest

ntest
i=1 f̂1(xi)

×100%.

HereweuseTurbine1orPeriod1asthebasewhilecomputingthepercentage.

Thisundertakingisbasedontheadvisementofourcollaboratortobeconsistent

withthecommonpracticeinindustry.PractitionerswhodesiretouseTurbine

2orPeriod2asthebasecandosobysimplyreplacingthedenominatorwith

1
ntest

ntest
i=1 f̂2(xi).

Theabove∆anditspercentageareunweightedasitisthesimpleaverageof

thepowerresponsesonalltestinginputs.Letuslabelitas∆unweightedandthe

percentageas∆%unweighted.Inotherwords,theunweighteddifferencetreats

differentx’sasiftheyappearatthesamefrequency,butinactualturbine

operations,differentx’sdonotappearatthesamefrequency. Recallanx

isacombinationofthewindandotherenvironmentalconditions. Suppose

x=(W,T). ThentheconditionofW =7m/sandT=25◦Cappearsover

ayear’speriodatadifferentfrequencythansomeotherconditionlikeW =18

m/sandT=−5◦C.

Toaccountfortheunevendistributionofx’s,oneshouldweigh∆and∆%

bytherelativefrequencyassociatedwithaspecificxi,whichisdenotedbyPi

andcanbeestimatedbycountingthenumberofactualweatherdatainthe

originaldatasetsfallingintoasmallneighborhoodaroundxi. WithPi,the

weightedpowerdifferenceis

∆weighted=

ntest

i=1

Pi×(̂f2(xi)−f̂1(xi)). (9)

Then,theweightedpowerdifferenceinpercentageis

∆%weighted=
∆weighted

ntest
i=1 Pi×f̂1(xi)

×100%.

Oneofthebenefitsofusingthe GP-basedfunctionalcurvecomparison

method,asdescribedinSection3.3,isthatitprovidesuncertaintyquantifi-

cationintheformofa100(1−α)%confidencebandforthedifferencecurve;

pleaserefertoFigure4foranillustration.Thispromptsustoproposeanew

17



metric,labeledasstatisticalsignificantdifference,whichistoaccumulateonly

theportionthatisbeyondthe100(1−α)%confidenceband,whencountingthe

difference.TheshadedportionintheleftpanelofFigure4correspondstothe

statisticalsignificantdifference.Theuseofstatisticalsignificantdifferenceisto

makethequantificationrobustbyweedingouttheportionsthatmayhavebeen

causedbyrandomfluctuationindata.Thestatisticalsignificantdifferencecan

becomputedalsointheformofeitherunweightedorweighted,asexplained

above.

Ifthedifferencecurveisentirelywithintheconfidenceband,thenthesta-

tisticalsignificantdifferencebetweenthetwocasesiszero.Pleaserefertothe

rightpanelofFigure4forsuchanexample.

Sofar,thesequantificationmeasuresarecomputedusingthesubsetofdata

afterthecovariatematching.Inordertoscalethedifferencebacktotheoriginal

dataset,oneapproachcommonlyusedinindustryistoreweighthedifference

byusingthepowerdistributionoftheoriginaldata.Thespecificstepsareas

follows:

1.PartitionthepowerspectrumintoKbins.ThedefaultweuseisK=15,

which,fora1.5MWclassturbine,translatestoabinwidthof100kW.

2.Usef̂1(·)asthereference.Findthex’s,forwhichthecorrespondinĝf1(x)

fallsintopowerbink.Recordthesex’sinthesetofQk.

3.Compute

µk=avgx∈Qk f̂1(x),

δk=avgx∈Qk f̂2(x)−f̂1(x).

4.Usetheoriginaldataofbothperiods(orbothturbines)tocomputethe

relativefrequency(histogram)ofeachpowerbinanddenotetherelative

frequencybyπk,fork=1,...,K.

5.Thedifferencemetricbetweentwoturbines/periods,scaledbacktothe

originaldataset,isthencalculatedby

∆scaled=
K

k=1

πk·δk. (10)
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Then,thescaledpowerdifferenceinpercentageis

∆%scaled=
∆scaled
K
k=1πkµk

×100%.

PleasenotethatalthoughthepowerdifferenceinSteps2and3arecomputed

inanunweightedfashion,likeinEquation8,thefinalscaledmetricisweighted

bythepowerspectrum.Forthisreason,thescaledpowerdifferenceisaweighted

metricmorelikeinEquation9.

4. AnalysisandDiscussion

4.1.Applicationtoknownupgradesstudiedbefore

Beforeweapplytheproposedevaluationmethodtothecaseof66wind

turbines,wewouldliketoverifythecredibilityofthe method. Wechoose

toapplythemethodtothetwodatasetsofturbineupgradesstudiedbefore:

oneisasimulatedcasefrompitchangleadjustment,andtheotherisareal,

physicalmodificationofVGinstallation;see[5],[6],andalso[3,Chapter7].

Eachdatasethastwoturbinesubsets—oneisforthetestturbineonwhich

amodificationwasmade,whereastheotherisacontrolturbineonwhichno

modificationwasmade.Thedatasetsareavailableandretrievedfromhttps://

aml.engr.tamu.edu/book-dswe/,theTurbineUpgradeDataset.Adetailed

explanationofthedatasetscanalsobefoundonthesamewebsite.

Thepitchangleadjustmentisasimulatedcase,inthesensethattheincrease

totheafter-upgradepowerwasaddedartificially.Specifically,thewindpowerin

theafter-upgradesectionismultipliedby(1+r)forthosewhosecorresponding

windspeedis9m/sorabove,wherertakesthevalueof0.02,0.03,...,0.09.

Thisprocessistosimulateapowerincreasetoasubsetofwindpowerby2%

to9%,respectively. Theeffectiveincreasetotheafter-upgradeportionisnot

r,asthewindpowerwhosecorrespondingwindspeedsaresmallerthan9m/s

areunaffected.Theeffectiveincreaseinpowerisdenotedbyrin[3,Chapter

7]anddefinedinEquation(7.7)therein.

Thepurposeofanalyzingthissimulateddata,asexplainedintheprevious

studies,istoassessthecapabilityofanevaluationmethodinthecontextof
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abroadrangeofsmalltomoderateincreasesinturbineperformance. Fora

simulatedcase,theunderlyingtrueincreaseisknown,sothatsuchassessment

canbeconducted.Bycontrast,foraphysicalVGinstallation,theunderlying

truechangeisnotknown.Evenasofnow,nophysicallycontrolledexperiment

canbeconductedonacommercial-sizeturbinetounearththetruebenefitofa

VGinstallation.Alltheevaluationmethodscanonlybecomparedagainsteach

other.

WefollowtheprocedureoutlinedinSection3toanalyzebothupgradecases.

Step1identifiesfivefactorswiththeirimportanceorderasW>D>ρ>S>

TI,whereρisairdensityandSiswindshear.Step2usesallfiveofthem

andStep3usesthemostimportanttwo,whichareW andD.Tocalculatethe

performancedifferenceduetoanupgrade,weuse∆weighted,ratherthan∆scaled,

becausewhattheothermethodscalculatediseffectivelytheweighteddifference.

Sinceeachcasehastwodatasets,thetestsetandthecontrolset,thetwosets

areanalyzedseparatelyontheirown.Foreachset,theanalysisisatemporal

comparison,i.e.,thechangeforthatturbinebeforeandaftertheupgradetime

point. Notethattheupgradetimepointisspecifiedforeachupgradecasein

theTurbineUpgradeDataset.

Althoughthecontrolturbinedoesnotundergoapurposefulmodification

bytheowner’sengineeringteam,thereisnoguaranteethatthereisnochange

tothatturbineeither.Sothefinalperformancechangetothetestturbineis

deemedasitsownperformancechange,lessthatofthecontrolturbine. This

isacommonpracticeusedbynearlyallsimilarstudies,e.g.,in[5].In[6],the

spiritofthiscontrol-testdifferenceisusedbutthemechanismforusingitis

slightlydifferent.ThemethodinShinetal.[6]issimilartothesecondstepof

ourproposedprocedureinSection3,i.e.,thecovariatematching.Inorderto

accountforthenaturalchangeinacontrolturbine,Shinetal.[6]usesthepower

outputofthecontrolturbineasoneofthecovariatesinitsmatchingprocedure.

Becauseofthis,Shinetal.[6]hastobeappliedtoapairofcontrol-testdatasets

andcannotbeseparatelyusedonanindividualturbine. Thiscomplicationis

notveryrestrictiveinthecontextofVGupgradequantificationbecausemost
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Table4: Comparisonofthreemethodsoverdifferentdegreesofturbineperformancechange

inthecaseofpitchangleadjustment. Inthetable,ourestimateis ∆weighted(test)−

∆weighted(control),where ∆weighted(control)=−0.07%forallrvalues. TheUPGandDIFF

aretakendirectlyfrom[3].

r 2% 3% 4% 5% 6% 7% 8% 9%

r 1.25% 1.87% 2.49% 3.11% 3.74% 4.36% 4.98% 5.60%

Ourestimate 1.12% 1.77% 2.73% 3.43% 3.69% 4.69% 5.16% 5.59%

Ourestimate/r 0.90 0.95 1.10 1.10 0.99 1.08 1.04 1.00

UPGin[6] 1.74% 2.21% 2.68% 3.16% 3.63% 4.11% 4.58% 5.05%

UPG/r 1.39 1.18 1.08 1.02 0.97 0.94 0.92 0.90

DIFFin[5] 1.97% 2.56% 3.15% 3.73% 4.30% 4.86% 5.42% 5.97%

DIFF/r 1.58 1.37 1.27 1.20 1.15 1.11 1.09 1.07

ofthoseVGcasesintheliteratureuseapairofturbinesanyway,butitdoes

restricttheflexibilityforgeneralturbineperformanceanalysis.

Table4presentsthecomparisonoftheproposed methodwiththeother

existingmethods.Theproposedmethodisuniformlybetterthanthemethod

in[5]. Themethodin[6]doeshaveitsmeritandforsomeofthecases,it

estimatestheupgrade moreaccurately. Buttheadvantageoftheproposed

methodisitsrobustness. Overthewiderangeofperformancechange,the

estimateresultingfromtheproposedmethodiswithin10%ofthetargetvalue.

Thatcannotbesaidofthemethodin[6],asforsomecases,theestimatefrom

[6]canbeasbadas39%offthetargetvalue.Anotheradvantageoftheproposed

method,aswehaveexplainedearlier,isthatithastheflexibilitytobeapplied

toindividualturbinesontheirown,whereasthemethodin[6]alwaysneedsa

pairofturbinestowork.

WhentheproposedmethodisappliedtotheVGupgradepair,theresulting

∆weighted(test)=2.29%and∆weighted(control)=0.97%,whichmeansouresti-

mateoftheturbinechangeduetotheVGinstallationisthedifferencebetween
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thesetwovalues,i.e.,1.32%.

ThedifficultyoftheVGupgradecaseisthatwedonotknowtheunderlying

truth.Soweshouldputourestimateinthecontextofothermethods.According

to[3,Chapter7],themethodin[6]estimatesthechangetobe1.13%andthe

methodin[5]estimatesthechangetobe1.48%.Ournewestimateisinbetween

theprevioustwoestimates,sowetakethatasagoodsign.Theanalysisin[15]

alsostatedthatthemethodin[5]tendstooverestimate,yetourcurrentestimate

issmallerthantheestimatedoneby[5];wetakethisasanothergoodsign.

4.2.Evaluatethetechnicalupgrades

Nextweapplytheproposedmethodtothe66turbinedataexplainedin

Section2.Thefirstanalysisisatemporalevaluation,whichistoquantifyeach

turbine’sperformancechangeforeachofthethreetechnicalupgradesmentioned

inSection2.Thisanalysisiscarriedoutonall66turbines,sothatforeachpair

ofperiods,thereare66performancedifferences.The66differencesareplotted

inaboxplottogiveasenseofvariationonthewindfarm.

Figure5presentstheboxplotsoftheabsolutepowerdifference(asopposedto

statisticalsignificantdifference)forboth∆scaled(left)and∆weighted(right).It

seemsthatthesecondtechnicalaction,V1,playsarathersubstantiallypositive

roleinimprovingtheturbines’performance,whereastheeffectoftheothertwo

technicalactionsarenotthatsignificantorcouldevenbedetrimental(inthe

caseofP1).TheaverageimprovementmadebyV1fortheturbinesisabouta

6%increaseintheirweather-weightedpowerproductioncapabilityoran8%if

scaledbacktotheoriginaldata.Itisalsonotedthatthescalingtotheoriginal

datadoesplayaroleinadjustingthepowerdifferencequantification. The

scalingseemstobroadenthespreadoftheaverage∆’s.Beforethescaling,the

average∆rangesfrom1%to6%,whereasafterthescaling,therangebecomes

−1%to8%.

Figure6presentstheboxplotsintermsofstatisticalsignificantdifference

forbothscaled(left)andweighted(right)scenarios. Themessagefromthe

statisticalsignificantdifferentplotstaysthesameasinFigure5butthebenefit
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Figure 5: Boxplots of absolute power differences of the technical upgrades. Left panel: the

scaled power difference Δscaled; right panel: the weighted power difference Δweighted.

of using the statistical significant plot is that the message becomes clear, as the

variation becomes much smaller. The average improvement made by V1 for the

turbines is now about a 5% increase in the scaled power production capability,

3% smaller than the counterpart value in Figure 5. Loosely speaking, this 3%

may be attributed to noise fluctuation.

4.3. Space-time analysis

The second analysis is a space-time analysis, which compares a turbine with

other turbines as well as a turbine with itself over the time. For this purpose, we

need to select a baseline turbine, against which all other turbines are compared.

We decide to select Turbine #12 as the baseline turbine, because it is the closest

to the met tower. We want to note that being close to the met tower does not

play any significance in our analysis, so that this choice is a bit arbitrary. We
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Leftpanel:thescaledpowerdifference ∆scaled;rightpanel:theweightedpowerdifference

∆weighted.
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Figure7: Farm-wiseperformancecomparisonofwindturbineswithTurbine #12asthe

baseline.

couldpossiblychooseadifferentturbineasthebaselineturbineaswell.

Figure7isthecomparisonusingthedataofTurbine#12ofeachrespective

yearasthebaseline.Thiscomparisonistechnicallyonlyaspace-wisecompar-

ison,becausethebaselineisresetforeachcalendaryear. Aturbineshownas

aredcircleperformsworserelativeto#12,whileaturbineshownasagreen

triangleperformsbetterrelativeto#12. Thecolorintensityissettobepro-

portionaltotheabsolutevalueofthedifference.Turbine#12,itself,ismarked

asthebluesquare.

Comparedwith#12ineachyear,itappearsthatinitiallyalmostallturbines

performworserelativeto#12.Inthelasttwoyears,2017and2018,asubsetof
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turbinesperformbetterthan#12.Thisismostlikelyduetothethreetechnical

actions.Althoughtwoofthethreetechnicalactionsdonotproduceasignificant

changetotheturbinesasagroup,asreflectedinthenearzeroaveragefortwo

respectiveactionsinFigures5and6,theydoproducedifferencesonindividual

turbines.Someoftheturbinesarebenefitedfromthetechnicalactions,even

P1.Asaresultcertainsubsetoftheturbinesturnsgreenafterthefirsttechnical

action.

Figures8and9arethetruespace-timeanalysis,becausethebaselineisnot

reseteveryyear. Rather,thebaselineistheperformanceof#12ofthefirst

timeperiod.ThedifferencebetweenthetwosetsoffiguresisthatFigure8uses

acalendaryear-basedtimeperiodpartition,sothatthefirsttimeperiodisthe

yearof2015,whereasFigure9usesthetimeperiodspartitionedbythethree

technicalactionsexplainedinFigure2.

InFigures8–9,thesetofturbinesinGroupAareinredforallperiods,and

someoftheturbinesareindarkerred.Thisinitiallycomesasasurprisetothe

owner/operator’sengineeringteambecausebasedpurelyonpowerproduction,

thissetofturbinesaredeemed“good”astheyproducemoreenergythanmost

ofotherturbines. Acloserlookrevealsthatthisgroupofturbinesisona

hilltop,whichisthehighestelevationpointonthewindfarm.Understandably,

theirwindresourcesarebetterthanotherturbinesatlowerelevations. The

reasonthatGroupAturbinesproducemoreenergyisnotbecausetheyare

moreefficientbutbecausetheyarebetterpositioned.Conditionedonthesame

windandenvironmentalconditions,thissetofturbinesisinfactworseoffthan

manyotherturbines. HadGroupAturbinesbeenoperatedasefficientlyas

#12,theywouldhaveproducedmoreenergyduetothegoodwindresourses

theyenjoyed.

5.Summary

Thispaperpresentsacasestudyofperformanceanalysisandcomparisonfor

allturbinesonamoderatesizewindfarmforaperiodoffouryears.Thisstudy
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Figure8:Space-timeperformancecomparisonofwindturbines.Timeperiodiseachcalendar

year.
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Figure9:Space-timeperformancecomparisonofwindturbines. Timeperiodisthoseparti-

tionedbythethreetechnicalactions.
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isratherdifferentfromasingleturbineperformanceevaluation,whichoccupies

mostoftheexistingliterature. Webelievethatourspace-timeperformance

analysisisthefirstofitskind. Theanalysisresultsshedvaluableinsightsto

owners/operators,astheyprovideacomprehensiveandquantitativepicture

ofhowthingsaregoingonthewindfarm. Pleasenotethatthefocusofthis

paperistopresentaprincipledprocedureforconductingthistypeofanalysis.

Thequestionofhowtheanalysisresultsshouldbetakentoadviseoperations

dependsheavilyonindividualowner/operator’sspecificinterests,objectivesand

needsandshouldbedecidedonacase-by-casebasis.

Wewanttonotethatundertheadvisementoftheowner/operator,weuse

thenacelledatainouranalysis. Weunderstandthatthereissomeconcern

regardingtheuseofnacelledata. Asthewindmeasurementsonthenacelle

areinthewakeoftherotor,usingthemintroduceserroranduncertainty.The

alternativeistousethedatafromthemetmast.Thereasonthatwedidnot

usethemastdataisbecausethereisonlyasinglemastonthefarm. When

wecomparethetwocases,i.e.,usingthenacelledataasinputversususingthe

mastdataforconstructingpowercurvemodels,wefindthatusingthemast

data,whichmaybenefittheturbineclosesttoit,deliversaworseresultforthe

whole-farmcomparison.Theresultsarenotevenclose—usingthenacelledata

typicallygetstheRMSEofpowercurvemodelsdownto2–3%,whileusingthe

mastdataresultsinan8–12%RMSE.Themessageisclear. Unlessonehas

alotofmetmastsonawindfarmorhasothermeanstomeasurefree-stream

windforindividualturbines(likeusingaLiDAR),theoptionofusingnacelle

datais,sofar,practicallythebest.

Ouraboveargumentisnottodiminishtheimportanceofthemeasurement

accuracy.Inlightoftheerroranduncertaintycausedbythenacellemeasure-

ments,whichcouldbeuptoseveralpercent[1],webelieveitisparticularly

importanttousethestatisticalsignificantdifferencemetric. Thisisaconse-

quenceofthefactthatthestatisticalsignificantdifferencemetricismorerobust

andgeneralizabletoothercasesbecauseiteliminatesrandomfluctuation. We

hopethataneconomicalsolutionforaccuratewindmeasurementswillbecome
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realitysoon.Nevertheless,evenwhenthathappens,onestillneedsaprincipled

datascienceproceduretoconductthespace-timequantificationandcomparison

forturbineperformances.Inthissense,theproposedprocedureinthispaper

couldstayintactwithonlytheinputdatareplacedbymoreaccurateones.
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