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ABSTRACT

Theprobabilitydistribution of seasurfacewinds(bothvectorwindsandwind speedjs consideredTheobseredmoment

elds, estimatedrom SeaWhds scatterometedlata,areshavn to be characterisethy non-trivial relationshipsuchthat
higherordermomentsarefunctionally dependenbn lower-ordermoments.The physical mechanismsinderlyingthese
relationshipsare elucidatedusing a simple stochastionodel derived from boundarylayer dynamics. A classof more
gquantitatvely accurateempiricalmodelsfor the probability distribution of seasurfacewindsis discussed.

1 Intr oduction

Modelsof the probability distribution of seasurfacewinds (bothvectorwinds andwind speed)play a central
role in a numberof problemsin meteorologyoceanograpf and climate;theseincludewind powver meteo-
rology (Petersertal., 1998, remotesensingof seasurfacewinds (e.g.Meissneretal., 2001), andestimates
of air/seaexchange®f heat, momentummoisture, andgaseqe.g. Thompsoretal., 1983 IsemerandHasse
1991 Wanninkhofetal., 2002. For example turbulentair/seaux esdependn eddy-aeragedjuantitiessuch
asthefriction or pistonvelocities,which for mary applicationsareparameteriseth termsof the seasurface
wind speedBecaus®f thenonlineardependencen seasurfacewind speedf thesebulk formulaefor air/sea
ux es,their spatialor temporalaveragesill notgenerallyequalthe ux esassociatevith theaveragesurface
wind speed.In particular gridscaleaveragesof these ux esin generalcirculation models(GCMs) will not
equalthe ux esassociatedvith gridscalewinds. Furthermorethe averagewind speeds not generallyequal
to the magnitudeof the averagevectorwind: highly variablebut isotropic uctuationsin thevectorwind will
be associatedvith a large averagespeedbut yield a meanvectorwith smallamplitude(e.g. MahrtandSun
1995. Thesurfacewind elds producedby GCMs represengridscaleaveragedvectorwinds, but gridscale
wind speedlistributionsarerequiredto diagnoseir/seaux es.lmprovementgo calculationof the ux escan
be obtainedthroughthe useof parameterisationsf the probability densityfunction (pdf) of seasurfacewind
speedvhichtake asinputgrid-scalevariablege.g.Cakmuretal., 2004).

A new erain the studyof the studyof seasurfacewinds beganwith the adwentof satelliteanemometryusing
both active and passie remotesensingdevices(e.g.Kelly, 2004). Satellite-bornénstrumentshave provided
globalobsenationsof seasurfacewindswith unprecedentedligighresolutionin spaceandtime, allowing sta-
tistically signi cant characterisationf the pdfs of surfacewind speedsn previously poorly-sampledceanic
regions. In particular the SeaWhds scatterometemountedon the QuikSCAT satellitehasprovided measure-
mentsof seasurfacevectorwindswith daily resolutionfrom mid-1999to the present.

Thisstudywill usethis highresolutiondataseto characteris¢he pdfsof theseasurfacevectorwindsandwind

speedthrougha study of the lowestmomentsmean,standarddeviation, and skewness).We will shawv that
thesepdfsarecharacterisetly non-trivial relationshipdbetweerthe momentssuchthathigherordermoments
canbe predictedto a high degree of accurag from low-order moments. Using a simple stochastiomodel
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Figure 1: Mean,standad deviation, andskewnesselds of the SeaVihds zonalwind, meridionalwind, andwind speed.

derived via a clear sequencef approximationdrom boundary-layemomentumequations;jt will be seen
thattheserelationshipsariseasa consequencef the constraintplacedon the seasurfacewind pdfs by the

physicsof the boundarylayer In particular the nonlineardependencef the surfacedragon thewind speed
is seento be essentiafor accountingfor theserelationshipshetweenmoments.This modelis too simpleto

be quantitatiely useful,so an empiricalmodelof the pdf of the surfacewindsis constructedvhich exploits

the obsened relationshipsbetweenthe low-order momentsof the seasurfacevectorwinds. This empirical
modelwill bedemonstratetb be morequantitatvely accuratehansimilar modelswhich have neglectednon-

Gaussiarstructurein the surfacevectorwind.

2 Observed Moments of SeaSurfaceWinds

Theseasurfacewind datasetonsideredn this studyconsistf Level 3.0griddeddaily SeaWhdsscatterome-
ter10-mzonalandmeridionalwind obserationsfrom theNASA QuikSCAT satellite(JetPropulsionLaboratory
2001, availableona 1=4 1=4 grid from July 19, 1999to the present(March 15, 2005 for the present
study)! The SeaWhds datahave beenextensiely comparedwith buoy and ship measurementsf surface
winds (Ebuchietal., 2002 Bourassatal., 2003; the root-mean-squareerrrorsof the remotelysensedvind
speedanddirectionarebothfoundto bedependenvnwind speedwith averagevaluesof 1ms Yand 20
respectiely. Becauseaindropsare effective scattererof microvavesin the wavelengthbandusedby Sea-
Winds,rainfall canleadto errorsin estimate®f seasurfacewinds. The SeaWhdsLevel 3.0datasetags those
datapointghatareestimatedaslik ely to have beencorruptedby rain (JetPropulsionLaboratory 2001); these
datapointdave beenexcludedfrom the presentainalysis.No furtherprocessingf thedata,suchas Itering or
removing theannualcycle, wascarriedout on this dataset.

The mean,standarddeviation, and skewness elds of the SeaWhds seasurfacezonalwind (U), meridional
wind (V), andwind speedw) arepresentedh Figurel. Theskewnessof arandomvariablexis thenormalised
third-ordermoment,

mearf(x mearfx))3)

skew(x) = St(x)

(1)

1These data are available for download from the NASA JPL Distributed Active Archive Center
http://podaac.jpl.nasa.gov
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Figure 2: Kerneldensityestimategcontoued on a logarithmic scale)of the joint pdfsof mearfU) with skew(U) (left
panel),mearfV) with skew(V) (cente panel),and mearfw)/stdw) with skew(w) (right panel). In therightmostpanel,
the thin line is the curve predictedfor a Weibull variable and the thick line is the curve predictedby the stotastic
boundarylayer model(9)-(10).

ThemearfU) eld displaysthefamiliartropicaleasterlieandmidlatitudewesterlieswhile themearfV) eld
shaws strong o w only on the easternanks of the subtropicalhighs. The stdU) andstdV) elds display
variability minimain thetropicsandsubtropicsandvariability maximain the stormtracks.Theskew(U) eld
is generallypositive in thetropicsandnegative in the midlatitudeswhile theskew(V) eld is generallysmall
exceptalongtheeasternanks of thesubtropicahighs,whereskewnesds positive in theNorthernHemisphere
andnegative in the SoutherrHemispherelLarge valuesof mean{) occurin thewesterlybeltsof the Northern
and SouthernHemispheressecondarymaximain the easterlybelt lie alongthe equatorvard anks of the
subtropicahighs. Minima of mearfw) occurin the equatorialdoldrumsandsubtropicahorselatitudes.The
standardieviation of w is largestin the midlatitudeextratropics(in the stormtracks),andgenerallydecreases
towardsthe equatoy but with alocal maximumalongthe IntertropicalCorvergenceZone(ITCZ). In general,
w is positively skewedin theextratropicsandnegatively skewedin thetropics. Major exceptiongo this pattern
arethebandof positively skewedwind speed®verthetropicalIndianOceanandWesterrPaci ¢, wheremean
wind speedsresmall;andover the SoutherrOceanwherethe skewnessof w is generallycloseto zero.

Linear relationshipsetweenmearfU) andskew(U), andbetweenmearfV) andskew(V), areevidentfrom
Figure 1. positive (negative) meanwind componentsre associatedavith negative (positive) skewness. This
spatialanticorrelationis furtherillustratedin Figure2, which present&erneldensityestimate®f thejoint pdfs
of mearfU) with skew(U), andof mearfV) with skew(V). The spatialcorrelationcoefcients betweenthe
meanandskewnesselds of thezonalandmeridionalwind componentsirerespectrely -0.91and-0.79(with
essentiallyno seasonalariability).

A numberof empiricalstudieshave demonstratethatthe pdf seasurfacewind speedss well-approximatedby
the Weibull distribution, a unimodaldistribution characterisetdy two parametergseeMonahan(20053 for a
literaturereview anda discussiorof the Weibull distribution). A relevantcharacteristiof a Weibull variablex
is thatskew(X) is uniquelydeterminedy theratio mear{x)/stdx). Figure2 displaysa kerneldensityestimate
of thejoint pdf of mearfw)/std w) with skew(w) from the SeaWihdsobsenations,alongwith aplot of skew(w)
asafunctionof mearfw)/stdw) for a Weibull variable. Evidently, for boththe obsenationsandthe Weitull
variable,skew(w) is aconcae upwardfunctionof theratio mearfw)/stdw), suchthatthefunctionis positive
for smallvaluesof this ratio andnegative for large values.The Weibull curve is not a perfectcharacterisation
of this relationshipbetweermoments:the slopeof the obsered relationshipbetweenskew(w) andthe ratio
mearfw)/stdw) is steepethanthat of the Weibull curve for low valuesof the ratio andshallaver for larger
valuesof theratio. Neverthelessthe Weihull distribution is a goodapproximatiorto the pdf of w asit shares
with obsenationsa characteristicelationshippetweermoments.

Theserelationshipdetweermomentsarenot an artifact of the SeaWhds data;qualitatively similar relation-
shipsarefoundin otherseasurfacewind dataset¢Monahan 2004k 20058.
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3 SeaSurfaceWind pdfs: StochasticBoundary Layer Model

To obtaina physical understandingf the relationshipsbetweenmomentscharacterisinghe obsered pdfs
of seasurface winds, we will considerthe simple stochasticmodel for boundary-layemwinds introduced
in Monahan(2004h andstudiedin moredetailin Monahan(2004a 20053. This modelhasbeendemon-
stratedto bein goodqualitative agreementvith empiricalstochastienodelsof seasurfacewinds (Surg 2003

SuraandSardeshmukh2004). At ary given locationover the seasurface,we will de ne the surfacewind

vectorcomponentselative to alocal coordinatesystem:

wind componentlonglocal meanwind vector
wind componentcrosdocal meanwind vector(positive to theleft)

\Y

Denotingthevectorwind by u = (u; V), theeddy-aeragedhorizontalmomentunequationcanbe written

fu R « 19(rudl)
ﬁ+u Nu = FNp fk u I’_T’ (2)

wherep is thepressurer is theair density f is the Coriolis parameterandus is the vertical velocity compo-
nent. An analyticallytractablemodelcanbe obtainedasfollows. First Eq. (2) is integratedfrom the surface
z= Oto analtitudez= hin themixedlayer Secondhorizontaladwectionof momentunis neglected;thatis, a
“single-colummmodel” approximatioris made.Third, thesurfaceeddymomentumux is representeth terms
of astandardvlonin-Olukhov bulk parameterisatiowith dragcoefcient cy. Finally, theeddymomentumux
from abore z= his expressedn termsof a*“ nite-dif ferenced’eddydiffusion:

W= LU, 3)

whereK is akinematiceddyviscosityandU representthewind vectorabove z= h. Theresultingdifferential

equationcanbeexpressed

du _ Cd

o b opw Ry @)
wherewe have de ned thequantity
1. ~ K
F= —=Np fk u+ SU:

For the sale of corveniencewe will assumeahat F doesnot dependon u; in particular we assumehatthe
ageostrophicesidualbetweerthe pressurgyradientforce andthe Coriolis force doesnot dependon the wind

vectoru. Away from the equatoy this approximationis similar to a small Rossbynumberapproximation.
Finally, we will assumehattheforcingF is uctuating aroundsomemeanvalue:

Fu(t) = hRi+ SW(L) (6)

R(t) = SWa(t); (7
wherethe uctuationsaretakento beisotropicandwhitein time:

Wi(t)Wi(tz) = djd(ts  t2); (8)

(whereanglebracletsdenoteensembleveragingwith astrengththatis tunedby theparametes. Notethatas
by de nition theaveragecross-meamvind is zero,theaverageof F, mustalsobezero. Theresultingequations
for uandvread

. K
u = hRji %Wu QUJ’ SW; (9)
_ Cd K .
Vo= W v SWs: (10)
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Equationg9)-(10) area stochastidifferentialequatiog(SDE) for the surfacewind vector(Gardiner 1997).
Thesurfacedragforcedepend®nthewind speedv= = u?+ V2, thedepthh of the atmospherid¢ayer consid-
ered(takenasin Monahan(2004Hh to be80m), andthedragcoefcient cq. In generalnon-neutraktrati cation
of the boundarylayerandmodi cation of thelocal seastateby surfacewinds bothresultin a dependencef
cq onw (throughthe Obukhov lengthin the rst instanceandthe roughnesgengthin the second).Further
more, otherfactorssuchas surfacesurfactantsandremotelygeneratedgwell introducevariationsin the drag
coefcient thatareunrelatedo thelocal winds. For simplicity, we will neglectthe effectsof strati cation and
swell andconsiderthe parameterisationf the neutraldragcoefcient for fully developedseasntroducedby
TaylorandYelland(2001), asmodi ed in Fairall etal. (2003 to includea correctionfor o w over anaerody-
namicallysmoothsurfaceduring conditionsof light winds. The dependencef the neutraldragcoefcient on
the surfacewind speedemainsa subjectof active research{e.g. JonesandToba(20017); Fairall etal. (2003),
andquestiongemainasto its preciseformulation. Calculationausingdifferentexpressiongor thewind speed
dependencef the drag coefcient (not shavn) demonstratehat the following resultsare not qualitatively
sensitve to which of the variousparameterisationsf ¢y suggesteéh theliteratureareused.

Oneof Einsteins majorinsightsin his annusmirabilis (Einstein 1956 wasthatthe pdf of the solutionsof a
SDEsatis esadiffusionequatiomow known asa Fokker-Planckequation(e.g.Gardiner 1997). In particular
the stationaryjoint pdf of u andv, p(u;v), associatedvith the SDE (9) - (10) satis es the Fokker-Planck
equation:

_ T . Cg K T cq K S fp, TPp .
O—% hRi qu ﬁu p+ﬂ va ﬁv p+7 W+W ; (12)
which hasthesolution
ZP oz ) !
. _ 2 . K 2 \/2 1 U+V \IVQ \IVO .
PV = Niep o MRiu S5 v) o cAhwdw? (12)
whereN 1 is anormalisatiorconstantNote thatthe pdf (12) is symmetricin v, so
uvp(u;Vv) dudv= 0: (13)
¥

Fluctuationsin u andv arethereforeuncorrelatedalthoughthey are not independenti.e. p(u;v) doesnot
factorasthe productof the mamginal distributionsof u andv). Independencef u andv holdsonly in the
unplysical caseof linearsurfacedrag,cy = k=w. Notealsothatthe pdf (12) is bivariateGaussiann the limit
of lineardrag;nonzercskewnessn the vectorwindsis a consequencef nonlinearsurfacedrag.

The mawginal pdf of u, p(u), follows from integratingthe pdf (12) over v; Figure3 contoursmearfu), std u)
andskew(u) asfunctionsof h,i andS. The rangesof theseparametersvere chosenso that the rangesof
the simulatedmomentsverequantitatvely similar to thoseobsenred (Figure 1), anda typical boundary-layer
valueof K = 1 m?s ! wasused.By constructionmearfw) > 0 for all parametewalues. More signi cantly,
skew(w) is everywherenggative, andfor mostparameteraluesbecomesnoreneggative asmearfw) becomes
morepositive. In this simplestochastidoundarylayer model,asin the obsenations,the meanandskewness
of thevectorwind areanticorrelated.

An intuitive understandingf therelationshipbetweerthemeanandskewnessof the surfacewind components
is straightforvard. Considerthe atmosphericsurfacelayer subjectto zonalforcing F, with zero meanand
with uctuations thatareequallyaslikely to be positive asnegative. By symmetry the meanand skewness
of the resultingzonalwind will both be zero. Now supposehat the zonalforcing F, hasa nonzeromean,
which by constructionis positive, so that mean() will be positive. Becauseof the nonlinearsurfacedrag,
positve anomaliesn u will be subjectto strongerfriction thannegative anomalies.Consequentlya positve
perturbatiorin theforcingwill produceawealerrespons¢hana negative perturbatiorof thesamemagnitude,
andthe symmetric uctuationswill produceanasymmetricesponseln particular atail toward slover zonal

5
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Figure 3: Contouss of themean standad deviation, and skewnessof the along-mearwind componenti andwind speed
w fromthe stochasticboundarylayer model(9)-(10), asfunctionsof theforcing meanhF;i and uctuation strengthS.

windswill developin thedistribution, sothezonalwind will benegatively skewed. Asthemeanof F, increases,
theasymmetnyin dragbetweemnositve andnegative u anomalieswill alsoincreaseandsothe skewnesswill
becomemorestronglynegative. In this manneythe nonlinearsurfacedragresultsin the anticorrelatiorof the
meanandskewnesselds of zonalsurfacewinds.

An analyticexpressiorfor thepdf of w canbeobtainedrom Eqgn. (12) asfollows: moving to polarcoordinates,

wcosqg (14)
wsing (15)

\"

suchthat the averagevalue of g is zero (by construction),conseration of probability undera coordinate
changeequireghatthejoint pdf p(w; g) mustsatisfy

p(u;v) dudv = p(wcosg;wsing) wdwdqg = p(w; q) dwdgq: (16)

Thus, Z

K 14w _
WWZ h o ca(WOWE dwl (17)

The mamginal distribution p(w) for the wind speedw is obtainedby integrating p(w; q) over the angleq.
Performingtheintegral, we obtainthe closed-formexpression:

p(w, g) = N wexp hFii weosg

[

z

2hhi w 2 K 10ch(mf)w@dw° : (18)

P =N = &P g " *

wherelg is themodi ed Bessefunctionof orderzero.

The mean,standarddeviation, and skewnessof wind speedw from Eqn. (18) are contouredasfunctionsof
hRi andS in the lower panelsof Figure3 The meanwind speeds anincreasingunctionof both hF,i andsS.
Thestandardleviationof wis determinedrimarily by S, displayingonly aweakdependencen hi. Finally,
skew(w) depend®nbothhFji andS; in particular the skewnessof w is negative whentheforcing hasalarge
meanbut relatively small uctuations; asthe magnitudeof the uctuationsincreasesthe skewnesseventually
becomegpositive.
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Inspectionof Figurel indicatesthatin generakhe surfacewind speedlistribution is negatively skewedin the
easterrequatorialPaci ¢ andalongthe equatorvard anks of the subtropicahighs,regionscharacterisethy
relatively high meanwind speedsindrelatively low variability. Theregionsof strongespositive skewnessare
theNorthernHemispheremidlatitudescharacterisely intermediateneanwind speedsindstrongvariability.
Finally, the SoutherrOceanis characterisetly highmeang), intermediatestd w), andskew(w) closeto zero.
Qualitatively, the relationshipbetweenthe spatialstructuresof the meanyv), stdfw), andskew(w) elds is as
predictedby the pdf (18).

The agreemenbf the relationshipsbetweenmomentsfrom the obsenationsand from the pdf (18) is most
obviousin a plot of skew(w) asa function of mearfw)/stdw) (Figure 3). Like the associatecture for a
Weibull distribution, this curve is concae upward and runsthroughthe middle of the obsened joint pdf of
mearfw)/stdw) with skew(w), taking positive valueswhenthe ratio mearfw)/stdw) is small and negative
valueswhen this ratio is large. In fact, for valuesof this ratio of approximately2 and greater the curve
predictedby the stochastidoundaryiayer modelis at leastasgooda representationf the obsenedjoint pdf
asis the Weihull curve. For lower valuesof the ratio, however, the performancenf the modelis not sogood:
thepredictedskewnessdoesnot take valuesgreateithanapproximately0.5, considerablypelonr the maximum
obsenred skewness. It is evidentthatwhile boththe Weibull distribution andthe pdf (18) captureaspectsf
therelationshipdhetweermomentobseredin seasurfacewind speedsneitheris entirelyaccuratelt should
beemphasisedowever, thatthe pdf (18) arisedrom physicalargumentsria a clearseriesof approximations,
while the Weibull characterisatioof seasurfacewind speedss entirelyempirical. The succes®f the Weibull
distributionasausefulapproximatiorto thedistribution of w evidently arisesbecausé@ imposegheconstraints
ontherelationshipbetweermearfw), stdw), andskew(w) thatarerequiredby the physicsof theatmospheric
boundarylayer.

An intuitive understandingf the dependencef mearfw), stdw), andskew(w) on hRi andS is straightfor

ward. An increasan hR,i will leadto anincreasdan mearfu), andconsequentlyo anincreasen the mean
wind speed.Thejoint pdf of u andv becomedroaderassS increasesthis shift of probability massaway from

the origin increasesoth the meanamplitudew of the vectorwind andits variability. Finally, the skewness
of w is determineddy the width of the pdf of w relative to its meanvalue,i.e. theratio mearfw)/stdw). For

smallervaluesof this ratio, thedistribution p(u; v) is concentrate@roundthe origin andthedistribution of the
magnitudew hasa tail towardlargervalues soskew(w) is positive. Cornversely for largervaluesof thisratio,

thejoint pdf p(u; V) is centredaway from the origin. Becausef the anticorrelatiorof mearfu) andskew(u),

p(u; V) will becharacterisetly atail extendingtowardthe origin. As themassof p(u; V) is concentratedway
from the origin, this tail will alsobe presenin the mamginal pdf of w, so skew(w) will be negative. Thefact
thatthe pdf (18) canbecomenegatively skewedis a consequencef the anticorrelatiorbetweerthe meanand
skewnessof the vectorwind componentswhich canbe understoodo arisebecausef the nonlinearityof the
surfacedraglaw. For alineardraglaw (cg = k=w), for which the vectorwinds are Gaussianthe skewnessof

w from pdf (18) (notshawn) is alwayspositive.

4 SeaSurfaceWind pdfs: Empirical Model

While thestochastiboundarylayermodel(9)-(10) providesphysicalinsightinto the pdf of seasurfacewinds,
it is too simpleto be quantitatvely accurate A morequantitatvely accurateempiricalmodelcanbe obtained
by assuminghatthe uctuations of u andv areindependenandisotropic(with standarddeviation s), such
thatv is azero-mearGaussian: )

%

252 ; (19)

1
p(v) = p——exp
2ps?
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while u hasnon-zeromeant, skewnessn, andkurtosisk :

- - M2
o(U) = 1 1+ EH3 u o £H4 u d exp (u 1
2ps? 6 S

24 s 252 (20)

whereHsz(x) = X3 3xandHs(x) = x* 6x%+ 3 arerespectiely thethird- andfourth-orderHermite polyno-
mials. Thekurtosisof a variablex is de ned asits normalisedourth-ordermoment,

mearf(x mearfx))4)
std*(x)
Thedistribution (20) is a Gram-Charlierexpansionof a Gaussiar(Johnsoretal., 1994); a dravbackof such

expansionds that the resultingdistribution is not guaranteedo be positive de nite. In practice,the Gram-
Charlierdensitiesonly ever becomeslightly negative for the parametewaluesusedin the presentinalysis.

kurt(x) = 3 (21)

Having assumedhatthe pdfsof u andv areindependenttheir joint pdf is simply the productof the maginal
pdfs (19) and(20). This joint pdf canbe integratedover the wind directionto yield the mamginal pdf for the
wind speedw. This pdf, denotedD(n; k), canbe expressednalyticallyin termsof a combinationof Hermite
polynomialsandmodi ed Bessefunctions(Monahan 20053. An empiricalpdf of thisformwithn= k=0
wasstudiedin Cakmuretal. (2004; thedistribution D(0; 0) will thenalsobedenotedhe CMT distribution.

To determingthe accurag of the D(n; k) distribution in characterisinghe probability distribution of seasur
facewind speedsti ands 2 wereestimatedrom the SeaWhds surfacewind data. Becauseuctuationsin the
along-andcross-meanvind directionsarenot exactly isotropic,s wasestimatedhs
1 1=2
s= 3 std?(u) + st (v) : (22)

We take adwvantageof the dependencef the higherordermomentsof the vectorwind on thelower-ordermo-

mentsby estimatingstatisticalparameterisationsf n andk asfunctionsof u ands 2, denotedrespectiely

nes(0;s) andke(U; ). Thesestatisticalmodelsare constructedrom the obserned moment elds using

feed-forward neuralnetworks (e.g. HsiehandTang 1998, which are powerful tools for nonlinear nonpara-
metricfunctionestimation.

Fieldsof mearfw), stdw), andskew(w) predictedrom the CMT andD(nej+; ket 1) distributionsaredisplayed
in Figure 4; it mustbe emphasisedhat both theseempirical distributions make use of preciselythe same
input information: the meanand standarddeviation of the vectorwind. The CMT distribution generally
underestimatemearfw) and overestimatestdw); moresigni cantly, it predictsskew(w) > 0 everywhere.
Thebiasedn mearfw) andstdw) arereducedby 40%onaverage)n theD(nes+; Kef) distributionrelative
to the CMT distribution. FurthermoreD(nes¢; Kef 1) predictsbandsof negative skew(w) over thetropicsand
nearzeroskew(w) overthe SoutherrOcean.

TheCMT distributionis unableto accountor negative wind speedskawnessin thetropicsandfor the bandof
nearzeroskewnessover the SoutherrmOcean Notethatthe CMT distribution assume&aussiarvectorwinds;
consistentvith the resultsof the stochastidoundary-layemodel,non-Gaussiastructurein u is requiredto
accountfor theskew(w) eld overthetropicsandthe SoutherrmOcean.

This analysisdemonstratesvo importantpoints: rstly , thatthemomentof the scalarseasurfacewind speed
canbe quite accuratelypredictedgiven a knowledge of the momentsof the vectorwind, and secondlythat
the higherordermomentsof the vectorwind canaccuratelybe parameteriseth termsof the lower moments,
aswassuggestedh Monahan(2004h. Thegridscale-geragedvectorsurfacewind is a standarcatmospheric
generalcirculation model eld, and parameterisationsxist of the gridscalevariability of the vectorwind
(Cakmuretal., 2004); thesequantitiescanbe usedasinputto the parameterisatioof the pdf of w presentedh
this studyto improve representationgf grid-scaleaveragedux es(which arein generahotequalto the ux es
associateavith grid-scaleaveragewinds (e.g.MahrtandSun 1995).

8



MONAHAN, A.: STOCHASTIC DYNAMICS OF SEA SURFACE WINDS

Figure 4: Mean,standad deviation,and skewnesselds fromthe CMT andD(nes¢; Kef ) distributions.

5 Conclusions

A primarymotivationfor the studyof the probability distribution of seasurfacewindsfrom the perspectie of

climatestudiesis therole thesedistributionsplay in the computationof spatiallyand/ortemporallyaveraged
air/sea ux esof momentumenengy, freshwater andchemicalconstituentge.g.JonesandTobg 200]). This

studyhasdiscussedboththeoreticabndempiricalparameterisationsf seasurfacewind pdfs. In particular an

empiricalmodelof p(w) hasbeenproposedvhich depend®n averagedrectorquantitiesof thekind naturally
producedby GCMs. The incorporationof thesepdfs into parameterisationsf air/sea ux esin GCMs, as
discussedh Cakmuretal. (2004, presentshepaossibilityof improving therepresentatioof thesurface ux es
thatareatthe heartof the coupledphysical-biogeochemicalynamicsof the climatesystem.
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