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Abstract

In this papera statisticaforecastingnodeldesignedior boundedarasof
near-suaceocearwind speedis implemented.

Dimensiorreductionis achieed by decomposinthe covariancestiucture
into onelarge-scaEndonesmall-scaleomponentisingempiricabrthogonal
functions. The large-scaleomponentis modelledwith an AR procesand
forecastare calculatedy applyingaKalman lter.

The modelis suitedfor stablanveathessituationsasfor unsteadgituations
it requiesmorefrequentindinformation.Fromthepredictionvarianceelds
it ispossibléo identifywher unexpectedeatheusuallyentergheara.
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1 Introduction

In thispaperastatisticalorecastingnodelfor near-siacewind speedsimplemen-
ted. Thefocuswill beon its peformancesaforecastingool andnot on its spatial
predictioncharacteristicé modellike thisis motivatedby operationst sessuchas
tow-outsof platformsdeckmatingsjayingof submarinéelecommunicatiocables
or of pipelinesTheseoperationsire manageablenly duringcetain weatheicondi-
tionsandhenceheyrequieforecaste/hichare updatedvith thelatesinformation.
In this contexta statisticaforecastingool suchasthe one proposedn this paper
workswell.

Traditionalpredictionmethod®f aspatiaproces¥(t)  Y(s;;t) Y(s;t)

Y(sv;t) T at (sv 1;t) usethe kriging interpolationschemecf. Cressig1993).
When datafrom the pastare aailablea Kalman Iter appoachcanbe appliedto
aggegatdhe pastandpreseninformationto improve the estimatat (sy 1;t). In
envionmentaktatisticéiuangand Cressi€1996)were perhapshe rst authorgo
fully implemensuchaspace-timgalman Iter idea.ln contrasto predictionmod-
elsonly makinguseof datafrom the presentheymakeuseof datafrom the pastby
modellingthe underlyingarge-scalgrocesasan AR (p) process.

In manyapplicationshe numberof dimensiondN is too largefor a modelto
be computableandhencea dimensiorreductionhasto be done. For this purpose
empiricalorthogonalfunctionshae provento beatractablemethod. In meteoo-
logyempiricabrthogonafunctionsvasntroducedy Lorenz(1956).vandenD ool
etal. (2000)implementec similarmethodcalledempiricabrthogonakeleconnec-
tions,for meantemperatues soilmoistues etc.In somecaseempiricabrthogonal
functionshawe resemblanceith physicallyexplainablenodeswhich makest an
interestingmethod.

Wikle and Cressig1999) successfullyombinedthe space-timé&alman Iter
with the dimensionreductionideafor near-sufacewinds over the Paci ¢ ocean.
They shav how the spatialkriging predictorwill deelop usingthe Kalman Iter
algorithm. Our paperis closelyrelatedto the paperby Wikle and Cressi€1999)
andfocuson the predictionaspectsf thismodel. We ate interestedn the forecast
of Y(s;t 1)i 1 N wheerY isthe east-wst(zonal)near-sudacewind
componenbverthe North Atlanticocean For the generagpace-tim&alman Iter
model,seeCressiandWikle (2002).

Brie y, the ideais the following. In alarge-scalgens¢he weatheris assumed
to beasuperpositionf dominantweathemodes.From time to time thesenodes
valy in in uencethroughtheirrespecticoef cient. By assumingnautoegessig
modelfor the dominantmodesa corespondin@utoegessie statespacesquation
for themodecoef cientscanbederived. The forecasof theseare thenimplemented
in aKalman Iter. In additionto reducinghe numberof stateshisappoachmakes
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it possibleéo separatgspacdrom time sothat the basisfunctionsare xed elds
wheeadhecoef cientsaarethe only parametenshichare time dependent.

The paperis organisedsfollows. Section2 introduceshe wind datawhichwill
beusedo estimatehe statisticainodel. The statisticanethodologys explainedn
Section3. The choiceof modelfor thewindswill give differentresultsandSectiond
describesnvo alternatie models. Also, Section4 containsa discussioln how to
estimatehe eror processesT he resultsfrom the implementedlter is presented
in Section5 and nally Section6 containsconclusionand suggestion®r further
reseat.

2 ECMWEF data

This sectiordescribethe wind datawhichthe statisticamodelwill be basedipon.
The materiaconsist®f analyseandforecastsf near-suacewind vector elds (in
metergper secondprovidedby the EuropeanCente for Medium-Rang&Veather
ForecasttECMWEF). For adetailedlescriptiorofthe ECMWF productssedlersson
(2001).

The analyseare basean globalobsevationsandon the previoudorecastThe
obsevationsare givenasinputsto aclimatologicanodelwhich ts theobsevations
to the previoudorecast.The analysear thenusedasinput to a systenof patial
differentialequationgPDE), whichgivesa smoothforecasestimatef near-suface
oceanwind speeds.From one analysis forecasis calculatedy iterationof the
PDE until the desied leadtime k t, is reached.In this papert, 6 hoursand
k 123.

The analyseandforecastsve considein this paperare locatedn the area
(3205 E 339E 485N 57 N)witharesolutiorof05 by05 . Thisconsti-
tutesaregulagridS s sy ofsiz38 18andatotalofN  684points.
For azeo mearclimatologicatast-wstwad wind componenteld attimet weuse

the notationy(t) y(si;t) (s t) EYH)) T § Sfori 1 N . For
themoment,to separatanalysefsom forecastdet y?(t) bethe ECMWF analysiat
t andlety'(t t,) bethe ECMWF forecasttt t,. Figure 1l shavsanexample
of the forecastedast-wstwadt wind eld y'(to  3t,) at06:00UTC* Decembes,
1999.

Weareconsideringhefollowingtimeseries: y3(to) Y (to tp) ¥ (to 2tp) ¥ (to
3tp) Y(to  4tp) , Wheet isthetimeof the rst analysisThisimpliesthate\ery
fourth eld, whichis ananalysidgs obtainedn adiffeentmannersinceananalysis
is basedn new informationbroughtinto the climatologicamodel. On the other
hand,we could hae choserio work with a time seriegonsistingf forecastenly
but with our choiceof datasetwe will updateour modelwith the bestinformation

LAll timesare relatedo the coodinateduniversatime (UTC) scale.
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awilable.In thefollowingwe will not makeanydistinctionbetweenananalysiand
aforecast.

3 Methodology

A statisticaiodelbasedn ECMWF east-wstwind velocitiesvill beconstuctedto
obtainforecastef thelarge-scalgind elds, i.e.thedominantwind modesnheent
in thewind eld. The resultingmodelwill be somethindike a statisticaémulator
of the climatologicainodelwhichwasusedo forecasthe ECMWF winds.We will
usethe statisticamodelasatool for forecasting.

Calculation®f analyseand forecastglependon a initial value,cf. Persson
(2001). The initial valueitselfis an estimationof the climatologyand therefoe
the zeo meanECMWEF wind y(s;t) is treatedasan obsevation of a stochastic
variableY (s;t) with meanm(s;t) 0 andstandat deviation (s;t) it
For the N -dimensionastochastivariableY(t) Y(s;t) Y(s;1) Y(sy;t) T
we assumé(Y(t)) 0 andatime-imariantcovariancematrix  with elements

ij  Cov(Y(s) Y(s)). Briey, thisimpliesthat for a zelo meanwind eld any
stiucturalbehaviours dueto random uctuationswhich are stationay in time but
notin space.

3.1 Dimensionreduction

A state-spacvodelwith states Y (s;; t) Y (sy;t) Tisoftenatoo largemodelto
handle Onepossibilityto reducghe numberof statessto decompostne eld with
asetof basigunctionsandkeepthe basigunctionswhichtogethercorespondso a
majorpat of thevarianceln this studywe will usethe Karhunen-Lo&expansion,
alsoknown asthe expansioin empiricalorthogonalfunctions,cf. Yaglom(1987).
If dataare de ned on a regulargrid in spacehe empiricalorthogonalfunctions
are essentiallgqualto the principalcomponentsef. Buell (1971). The method
of usingempiricalorthogonafunctionsfor dimensiorreductionwasintroducedn
meteoologyandclimatologyby Lorenz(1956). Our papers inspiredby the woik
doneby Wikle andCressi€1999)whofoundthatthismethodmightbeausefutool
for space-timpredictionof wind elds. We referto empiricabrthogonafunctions
aseigenectorf the covariancematrix

Let \ bethek:th eigenglueof corespondingp theeigenector k(S1)
K(S) k(sn) " The eigengctorsconstitutean orthonormalbasissuchthat
k(9 1(9ds  «i,whee y; Ofork landy, 1fork [.Diagonalising

in thisbasisve get,

FE b " RR R (1)



whichcorespondso adecompositioof the Y(t) procesas

Yt)  Ye(®) () (2)

whee Yk (t) and (t) aretwo zeilo meanuncorelatedstochastiprocessesith cov-
ariancematrices Tand g r g HenceY(t) isdecomposeidto alarge-scale
proces¥ (t) anda smallscalebackgound process (t). From a physicapoint of
view Yk (t) describethe mostdominantmodesf thewind eld. Belowv avectorAR
proces$VAR) will beusedo describéhe propagatiorof Yy (t).

Snce isadiagonamatrix, Yk (s;t) canbeexpesseds

K

Yk (S;1) a(t) «(s)
k 1

wheeE(a(t)) 0andCov(a(t) a(t)) ifk landOifk | t.Inmatrix
notation

Ye() at) (3)
whee columnk in theN K matrix isequato , k 1 K anda(t)

ay(t) ak (t) T with physicalinit metergpersecond.
The smallscalgrocess (t) is assumetb beisotiopicin spaceanassumption
discusseth Section4.2. Furtherwe assuméhat Cov( (s;t) (S;t ) Off
0, i j;anassumptiothatmakes apurelyspatiallydescriptiecomponent.
Notethatthe spatiallyx ed 'shawetime varyingimpactthroughthe a(t) coef-
cients. In conclusionthismodelseparatdarge-scalkeffectdrom smallscaleffects
andspacdéromtime.

3.2 A vectorautoregessie model

For the ewlution of thelarge-scal@oces¥ weassumanAR(1)process,
Ye(s:t  tp) Ws (U)Yk(u;t)du (S5t t) s 4)

whee (t t,) isaspatiallynonstationarerior procesassumetb beindependent
acosgtime. In this settingit takescae of the formationof new aradn Yg (t  ty)
which are not forecastedvith the aid of the previouseld Yi(t). SnceYk(t) is
uncorelatedwith (t) weassumé¢hatCov( (t) (t)) 0. The AR(1)-coef cient
W (u) is the weightusedwhenmappingYk (u; t) to Yk (s;t  t;) whichwe assume
canbeexpandety our basifgunctionsas,

N

we (U) b(s) «(u)

k 1
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Hencat followsthat

We (U)Yi (u; t)du b(s) W) &) (udu
k 1 j 1
J N K
b(s)a0 ) jWdu

k1)1

Using(3) togethewmith the orthogonalityof the :sweobtainthefollowingVAR(1)
process,

at t) Bat) (t 1)

whee B i; Db(s)i 1 N,j 1 K. Rearranginghe matricegjives
the nal expessiorior the propagatiorof a,

at t) Hat) J(t t) (5)
wheethematrixJ ( T ) ! TisofsizK N andthematrixH JBofsiz
K K.Snce () «(2) k(Sv) constituteanorthonormalbasinecan

makethe simpli cationJ T. Alsonotethatwe will not makeanycalculatiorof
B sinceH canbeestimatedlirectlyfrom data seeSection4.3.

3.3 TheKalman lter

Asaone-step-ahegaedictorY’ of Y the conditionalexpectation,

EYt t) ) ECat t) (t t) () d t)

isusedwhee (t) (Y(t) Y(t t) ). Thebene tsof thespace-timdecom-
positionare evidentto predictY we needa predictora’ of the a processAssuming
Gaussiadlistributedorocessan the following state-spa@gjuations,

at t) Hat) J( t)
Y(t) at)

theKalman Iter givestheoptimalupdateandforecasof a. Eventhoughwe do not
intendto makethis distributionalbssumptiomboutY anda we will usethe Kalman
lter to obtaintheforecast (t t,) E@t t,) (t)).

Our one-steppredictorof & will be,

(6)

dt) Ha't ty)



whee &'(t) is the updatedestimateof the a processThe KalmangainG(t) is ob-
tainedusingthe conditionaforecasvariance®’(t) Cov(a(t) alt) (t t,)) and

PL(t) Cov(Y(t) Y(t) (t ty))as
Plt) HPYt t)HT Covd J)
Pl Pl T Cou( ) (7)
Gty Pt TP
Theupdatea'(t) E(a(t) (t)) andupdatevariancePy(t) Cov(a(t) a(t) (t))
aregivenby
alt) d() G@) Yr) d()
u f f T (8)
Pa(t)  Pat) G)Py()G (1)

Theseaupdateequationsre the bestlinearpredictorof a andits variancegiventhe
awilableinformation (t). Whendatais Gaussiamlistributedthis coincideswith
theoptimalpredictor

3.4 Smplied Iter equations

Consideringheorthonormalityof ¢,i.e. £ ¢ | andin paticulag

Follk k1 O ookl (9)

theinverseof the predictionvarianceP:, equals,

T

P> 0
GO I S R S (10)
R
InpracticeheN N covariancenatrix isestimateavith +EE" wheeE

istheN T datamatrix(Y(t;) Y(tr)). Henceghemaximatankof isT N
implyingthatrank( r)<(N K) andthattheinverseof the blockmatrixR is not
well de ned. Two methodsanbeappliedto handlethis problem.Oneisto de ne
<! asadiagonamatrixwith elements;; ;'if ;; Oand ;, O0othewise,
i K 1 N. Thesecondnethodisto addadiagonamatrix| to R, similar
to whatis donein ridgeregessiongf. Chapterl7in DraperandSmith (1998).
Applyingthe rst methodit canbeshavn thatthe KalmangainG reduce$o
G T
by using(9) and(10). In turn, theupdatesquation$8) becomes,
a’ Ty
" (11)
P, O
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andthe steady-staferecast/ariancePi( IS,

PL. Covd J) (12)
recognisedsthe one-ste@heagredictionerior variancdor aVAR(1) processWe
referto (11) and (12) asthesimpli ed Iter equationsFor stablelters a socalled
steady-statereachesvhenthepredictionvariancé®’, hasconergedo a x edvalue,
seeshumwayand Soffer (2000)p. 327. The steady-statgolution,P, solesthe
Riccatiequationwhichfor this Iter is (12). Sncethis solutionis obtainedn one
step the steady-statis reachedan onestepandfurthermoe the updateg” in (11),
equalghe true statea TY. Also,the lower limit of the predictionvariancds
obtainedi.e.P, Covd J) T Coo ).

In this papertheridgeregessiomethodisusedj.e. R R 55| wheecis

the largeskigenalueof PfY. By regularisingk we canusethe updateequationsn
(8). Thepracticallifferencebetweernthetwo methodssnegligibleandthesimpli ed
Iter equationsire helpfulfor the understandingf theresultsn Section5.

4 Covarianceestimation

This sectiortreatghe estimatiorof the covariancematricesnvolvedin the Kalman
Iter. In Section4.1 different estimatesf is discussedDueto (1) the choice
of dimensiorreductionwill governthe characteristia¥ the eror process andin

Sectiord.2,accodingto anassumptioon , asemi-parametrinodelfor Cov( )

isdeelopedFurther, thissectiorwill shotly treattheestimatef Cov( ).

4.1 Two modelsfor thewind eld

The modelfor thewind eld Y dependsn how the co/ariancenatrix ischosen.
Two alternatieswill beused.The rst oneisto estimate by theempiricakovari-
ancematrix. Howe\er, sincethis might not alwayse possiblelueto e.g. missing
data,onecaneitherinterpolatelataandthenestimatéhe empiricatovariancenat-
rix or estimat@parametrico/ariancéunctionr andthencalculate onthegridof
interest.Arstweturn our attentionto the empiricaktasandthento the parametric
model.

Without assumin@nyspatiaktationay characteristicsuchasisotiopicity, but
temporaktationarityj.e. Cov(Y (s;t) Y(s:;t)) Cov(Y(s;t ) Y(s:t )
fori j 1 N, the empiricalcovariancematrix is calculatedasTlEET. This
methodworkswhenthe dataseis complete.

Whendataare obsevedon othergridsthanthe modelledorocessor in the case
of missingdata,oneneedd¢o nd anestimateof on the grid of the modelled
process.There ar two waysto advisesuchan estimate.Either onesmootheshe
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originalobsevationdatasetin orderto obtainestimatesf the processn thegrid of
themodelledprocessThenonecalculateheempirical to obtainestimatesf |,
cf. Wikle andCressi€1999). The secondnethodis to estimate covariancdunc-
tion from dataandthencalculateéhe co/ariancematrixon the grid of the modelled
processWewill shotly discusghe secondilternatie hee.

Assuminghewind eld to beasmoothprocessvith oneexistingderiative im-
pliesthatthecovariancdunctionistwicedifferentiable Further, if the eld ishomo-

geneouthenr(s; s ) r(s S ) r(),fors s andwhee
and arespatialistancedn thispapeme will useanisotiopiccovariancdunction
andthenr( ) r( ) r()whee 12,2 theEuclideardistance.

TheGaussiashapedsotiopiccovariancdunctionr( )  2exp( 2 &) which
istwicedifferentiablds a candidateBut asFHgure 2 shavs,the covariancdunction
needso hawazeo crossingtabout500km. Therefoeweneedanothercandidate.

For ageneraisotiopic covariancdunctionsthe spectratlensityR(k) de nesthe
covariancdunctionas

r() 2 J(k )KR(K)dk (13)
0
whee K is the (isotiopic) frequencyand J, is the zeo order Besselunction of rst
kind, cf. Yaglom(1987). Multiplying the spectratiensityR(k) corespondingo
r¢) 2exp( 2 &) with k?a 4 we obtainthe Mexicarhat asa valid isotiopic
covariancdunction,
r() 21 2a)exp ¥ (14)

This covariancefunction will modelthe desied zero crossingat a. For the
tted covariancdunctionin Fgure 2, the crossingis estimatedo 565 km andthe
standadt deviation isestimatedo 4.66m/s.

4.2 The covariancesof the error processes

In this sectionwe will discusshe backgound eror processes and . For these
processease needto estimatehe covariancematricesCov( ) andCov( ) used
in theKalman Iter equations.

Snce isassumetb beisotopicin spacendindependenin time its covari-
ancefunctioncanbemodelledby a semiparametritinctionde nedbelav. By (1)
theestimateof Cov( ) will betheresiduapat of afterextractiorof the prin-
cipalcomponentsAccoding to Daley(1991), canbeexpectedo containsome
oscillatingendencieasHgure 3 shavs. Smilar to (13), adiscetespectratiensity
generatesnisotiopiccovariancdunctionas

m

r() @) (15)

j 1
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whee } isthe zero orderBessefunctionof rst kind, cf. Shapiio andBotha(1991).
The spectratlensityis by this repesentatiomiscetewith incrementsy Vi
Y 0 atfrequenciek  f; fmn . Experimentsndicatedthat the following
choiceof frequencies 0009 0010500120 0013500150 shouldbegood
andfor thesehecorespondingarametevectory wasestimatetb 0 7368 0 3129
0415002691 05775 . This t of asemi-parametricovariancgunctionto the
residualeld isin ageementith the residuakcovariancet in Wikle and Cressie
(1999).

Usingthe fact that the Kalman Iter requiesCov(J J ) we do not hawe to
modelCov( ) whichwouldbehad dueto theassumedonstationaritpf . An
empiricakstimatef Cov(J J ) isobtainedusing(5),

Cov(J J) Covat) Hat t)alt) Halt t)) Cov@t) at))
Cov(at) alt t)H' HCov(at t) at)) HCov(alt tp) alt t)H'

whee H and the covariancestre replacedvith their corespondingestimateso
rendertheestimat®f Cov(J J ). Theempiricatovariancdunctionfor thea pro-
cessCov(a a), is basedn obsevationsfrom an arbitray (long) time period. In
theoy Cov(J J ) canbeshavnto beequako H HT, butbasingheestima-
tion on thisexpessiowill not alwaydeadto anon-negatede nite estimate.

4.3 Estimationof H

The estimatef the transitionmatrixH in the VAR(1) proces$5) is extractedrom
therelationshigfCov(a(t t,) a(t))=Cos(Ha(t) J (t t,) a(t)) whichgives

1

H Cov(at t) at)Cov(alt) at))" Cov(alt) at))Cov(alt) at))’

whichrequiesalot of datato give agoodenoughestimateln our casepnemonth
of datagae agoodestimatef H.

(16)

5 Results

In thissectiomesult®f applyinghedimensiomeducedkalmanlter totheECMWF
wind elds are presentedAsdescribeih Section2 the analyseandforecastson-
sideedin thispaperarelocatedn (3205 E 339E 485N 57 N)witha
resolutiorof 05 by 05 whichconstitutesregulagridofsi2Z38 18andatotal
of N 684points.

Asabasidor estimatiorof modelmatriceandpredictionewaluation datafrom
Decembet999isused.Thisimpliesthethefollowingseriesf east-wstwind elds
[Y(t) Yt tp) Y(tt)], wheet; 12:00Decembet, 1999andty  06:00
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Januay 1,2000andT  124.At timet,, 6(n 1) hourspassedincethetime step
ist, 6 hours. Resultdbasedn the empiricalestimateof , seeSection4.1, are
discusseth Section5.1 andresultdrom the parametri@ppoachare discusseth

Section5.2.

5.1 Theempiricalmodel

Weestimate with theempiricacovariancematrix,seeSection4.1. By usingK
13modes95%of thevariancesdescribetly .k 1 K. Henceghenumber
of dimensionsre reducedrom N 684to K  13. Thematrix andthea
processitederivedfrom andthesen turn yieldestimatesf Cov(J J )JandH,
cf. Sectionst.2and4.3. Predictionsandupdatesire thencalculatedor the rst ten
daysn Decembet999.

In Section3.4 we sawthat usingthe simpli ed Iter equationg11) the update,
a’, equalshetruestatea. Hencetheforecasin thiscasavill beonestepbehindthe
truevaluesinced (t t,) Ha(t). In Figure4 theforecasts seento beone-step
behindthetruevalueof aandhenceheridgeregessiormethoddoesot alterthe
forecastagcharacteristics.

Usingthe simpli ed Iter equationsmpliesthat the steadystateis reachedn
onestep Consideringrigure 5, whee the updateandforecasstandatt deviations
of &' andd are displagd,conergencés reachedn onestepandwe concludehat
theridgeregessiomethoddoesot in uencetherateof convergencsigni cantly
Consideringhe predictionvariance®', thesedo not differ from the steady-state
predictionvarianceP, makedwith “* ":sin Figure 5 b). Howe\er, the updated
standadt deviationsloesnot becomeero, but coincideaswhenusingthe simpli ed
equationgll).

Fgure 6 containghe conergedupdateandforecasstandad deviationrmapsof

Yk andeK. The low standadt deviationvaluesf Yy followsfrom the low valueof

Py '? The bounday problemcausethe largervariancesf YL alongthe bound-

ariesln thewesterrpaits of thearathevariances slightlylargetthanin theeastern
pats. This canbe explaineddy the factthat nev weatherareasformedbetween
two elds oftenoccurin the westerrpaits dueto the westerrwindsover the North
Atlantic.

As an ealuationstepfor the empiricalmodelwe focuson the meanlatitude
(andall longitudespndcomputethefour differencey’ Y1, Y Y¢, Yx Y and
Y« Y., seeFigure?7.Y Y isthepredictionerorandYx Y the prediction
eror of the large-scaleomponent,Yx  Yg would be zeo usingthe simpli ed
equationandY Yg ishenceanestimatof . Againwe concludehatthe ridge
regessiortechniquecompaed to the simpli ed lter, doesnot seento alterthe
Iter behaviour
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In Fgure7 a)we nd thelargespredictionerior atthe84th hour. Thissituation
is detailedn Fgure 8. What happendetweenthe 78th hour andthe 84th hour
is the formationof an areawith stongwindsin the westerrpatt of the eld. This
is atypicalproblemfor a boundedarramodelandbelav we will proposdlifferent
appoacheto treatthis.

For stableweathersituationsthe Iter woiks ne. An exampleof this is the
predictionof the 48th hour usingdatafrom the 42ndhour, seeHigure 9. Whenno
new weatherelds areformedbetweentwo consecuti elds the Iter onlyneedshe
informationcontainedn the eld att to makeagoodforecasof the eld att t,.

5.2 The parametricmodel

Usingthe crosspoductsin Fgure 2 the parameter§é ) in (14) are estimatedo
(4 66 565). Basedn this,the parametricovariancamatrixis calculate@ndanewv
basiss computedTo explair@5%of thevariancevewill needK  10components.
Hencethe parametricovariancematrix hasmore dominanteigenectorsthanthe
empiricakovariancematrixandthusrequieslessomponents(ln comparisonthe
covariancdunctionr( )  2exp( 2 &) requiesl9componentso keepd5% of
thevariance.)

Figure 10 shavsthe standad deviation®f the updateand forecasof the rst
two a-component$or the parametrienodel. Asin the empiricalcasehe standeadt
deviationswill conergeto constanwvaluesaftera few steps.Alsoin this casehe
steady-stataredictionstandatt deviationsreached.

The standadt deviatiormapssed-igure 11, will bedifferentsincene now usea
different basigo describéhe dominantmodes.The standatt deviationof the up-
datedeld will bemore symmetricahanits empiricatounterpér Theforecaswill
hae largevariancealongthe westerrboundarieghanalongthe eastertooundaries
alsain thiscaseAsfor theempiricaimodel the Iter doesot predicttheformation
of stongwindsalongthe westerrbounday the 84th hour Theweatheneedso be
more stabldor the Iter to peform well asin the casavith the empiricakcovariance
functionestimate.

5.3 Comparisons

We hae seerthat we canuseboth modelsfor covariancefunction repesentation
andhencat would be informative with a comparatig study The predictionerior

Ye(s:t (t t)  Ye(s:t) Y,i(q;t) for a modelshouldhae the following
expectatiomndvarianceE(Yx (5;t  (t  ty))) OandVarnYk(s;t (t tp)))

prK (s:t), whee p';K (5;1) isthej:th diagonaklementn P';K (t). Thefollowingtwo
e\aluationstatisticsnightbeusedasanobjectie eror analysigor comparisoof the
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two methodsc.f Wikle andCressi€1999),

1T 7, k(s Ye(sit)
1T 7 Pulsit) 12

1T 7y YD YD 2 a1,
1T 7 Py(sit)

CRu(S)

(17)

CRa(s) (18)

whee CR,(s) canbe vieved asa measu of the normalisegredictioneror and
CRy(s) is simplythe quotientbetweenthe standadt deviationof the residualsnd
the modelledpredictionerior. Hence CR;y(s) shouldbecloseto zeto and CRx(S)
shouldbecloseo one. The meanabwe are calculatedor valuesf t suchthatthe
standadt deviationhasconerged. We computedthe spatialaveragese(CR)

L Y. CR(g)fori 1land2,secTablel.

Sncethe optimal covariancematrix  for the datais the empiricalcovariance
matrix, the statisticCR, (5) for the empiricaimodelis expectedo be smallercom-
paedto the parametrienodel. AsTablel shavs,CR;(s) for the parametrienodel
isalmostlOOtimeslarger

Sncethevariancefthepredictedelds, cf. Figurest b) and11b), andsinceCR;
iscloseo onein both casesye concludehat both modelsestimateheir prediction
varianceggoodandin meansquaetheir eriorsare closeo eactother

Fgure 12 shavsthat the spatiapatternof awe(CR) for thetwo modelsare sim-
ilar. In bothcaseweundeestimate¢he standadt deviatiorof the predictionalongthe
westerrbounday dueto the westwad wind. At the samedime asit is overestimated
in the easterpats of the eld.

6 Summary andfurther reseach

The modelpresenteds a statisticaforecastingnodelfor near-su'facewind speeds.
Onedrawbackvith this modelis thatit is conserative sinceit cannotforecasthe
formationof elds deviatingoo muchfrom whatwe hawein the presenteld. One
couldregad thesanew areasasdraggedhto thelocalareafrom outside An extension
to the presentnodelwouldbeto useaspatiakxtrapolatioscheméo predictwinds
outsidetherangeof the localmodelarraandthenusethesan the predictionof the
next eld.

The parametrienodelusedn Section4.1isnot the only possiblenodel.Other
interestingnodeldor thecovariancestiucture couldbeadvisedsuchasamultiresol-
ution model,cf. Nychkaetal.(2002).

Experiment®n usingthe wind vector eld (Y; Y>), insteadf onecomponent
resultedn a some&vhatlargerbias. The reasorfor this is that we addmore spatial
informationwhenmore informationabouttime dynamicdgs needed.Howe\er, it

12



is interestingthat in this casehe basisfunctionswill be physicallyinterpretable.
Amongsthedominantbasisunctionswill bewind elds describinglominantwind
directions,cyclonesanddilation elds. This enhancethe interpretationthat the
weatheis asuperpositionf dominantweathemodes.

To awid unpleasargurprisem theforecastanothemethodwouldbeto update
the modelwith measwementdrom othersouces.In this settingthe implemented
modelwill sewe our purposewell. For differentsoucesnve will hawe diffeentmeas-
urementequationanddifferent updateequationsbut the AR formulationfor the
large-scajgrocessemainghe same.

Furthermoe, we hae seernthat the Iter works betterfor smoothweatherde-
velopmentsThe Iter shouldhencébeableto hawe lower forecasvariancesluring
periodof stableveatherAlso,sinceheweathechangewith high/lon pressiethis
suggestmakingthe Kalman Iter ableto switchbetweentwo setf states.

13
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Figure captions

Fgurel: Forecastedast-wstwad wind eld intheara(3205 E 339 E 485 N 57 N)
at06:00DecembeB, 1999.

Fgure 2: Covarianceunctionr( ) 1 2a@)exp * ¥ with 4 66 (m/s)and
a 565(km) tted to the crossproductsan the ECMWF datawith spatiameansubtracted
fromeacheld.

Fgure 3: Covariancefunctionr () jmlJo( fi)y tted to the valuesof the residual
covariancematrixCov( ).

Figure4: Solid (-) trueaanddashdotted(-.) forecast! for a)the rst, b) thesecondc)the
third andd) thefourth coef cient.Hour denoteshe numberof hourspassedincet ;.

Fgure5: The standadt deviationsin a) Py 12 andb) Pg 1 2 glid linesarefor the rst

componenandthedash-dottedor thesecondomponentinb)' ' maksthe steady-state
forecasstandad deviation Hour denoteshe numberof hourspassedincd ;.

Figure 6: The standatt deviationof a) the updatedeld Y andb) the forecasteceld YfK
whenthe Kalman Iter hasconerged.

Figure7: Differences)Y Y, b)Y Y¥,c)Yx Y andd)Yx Y¢ forthemearatitude
(notethe differencein scales)SeeFigure 8 for a detailedpicture of the 84th hour. Hour
denoteshe numberof hourspassedince ;.

Figure 8: In this setof gureswe focuson the 84th hour whenthe predictionfails. The
informationY(78) (toplef)) uponwhichwe computethe forecasty’ (84) a (84) (top
right) doesnot containanyinformationaboutthe weatherto appeain the southwestof
Y(84) (dawn lef)). Thisisthe reasorof the largedeviationat the 84th hourin Figure 7 a).
Howe\er, dueto the pefectupdateYy (84) (dowvn right) is a goodappoximationof Y(84).
This pefectupdateexplainsvhy Figure 7 d) is closdo zem.

Figure 9: The Kalman Iter woiks betterfor stableveathersituations.in the guresabove,
theinformationY(42) (topleff) uponwhichwe computetheforecast’ (48) a (48)(top
right) isenougho getagoodappoximationof thetrue eld Y(48) (davnlef)

Figure 10: The standatt deviation®f a) the updatesindb) the forecastsf a; (solid)and

& (dash-dottedpr the parametriecnodel.In b)' ' maksthe steady-staferecasstandad
deviation Hour denoteshe numberof hourspassedince ;.
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Fgure 11: The standat deviationof a) the updatedeld Y (t) andb) the forecastedeld
YfK (t) whentheKalman Iter hasconwergedor the parametrienodel.

Fgure12: The ewaluationstatisticCR»(s) for a)the empiricainodelandb) the parametric
model.
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Model awe(CR) awe(CR)
Empirical 12 103  0.90
Parametric 97 10 ? 0.87

Tablel: Evaluationstatisticor predictioneriors.
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