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Climate signal mapping and an application to atmospherictides
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Abstract. Whenanalyzingirregularly sampleddatato
obtainclimatesignals,atypical startingpoint s to usespa-
tial analysismethodsto map obsenationsonto a regular
grid. Clearbene ts arepossible however, from analterna-
tive approachin whichthedesiredsignalsare rst estimated
directly atthe observingocations.The mostimportantben-
e ts relateto accurag and error analysis. Theseprinci-
plesareillustratedusing the exampleof atmospheridides.
When properly estimated the tides agreeremarkablywell
with thosesimulatedby the GoddardEarth ObservingSys-
temgeneratirculationmodeland,abosethetropopauseare
comparablao the meanmeridional o w.

Intr oduction

Synopticanalysishasa long history andhassened the
meteorologycommunitywell. Onelegag of this technique
is thatspatio-temporatatain theearthsciencesrenow usu-
ally treatedusingspatialmethodgmary of themoriginally
developedfor geologyandmining applications)appliedse-
guentially in time to generatea seriesof synoptic maps.
Operationalatmospheri@analysesare obtainedthroughes-
sentially this approachthoughaidedby a forecastmodel.
The approachs alsowidely usedby investigatorsvorking
from raw data,who make mapseitherby collectingthe data
in bins or boxes,or usingstatisticalprocedureshat predict

eld valuesthroughouthe spatialdomain.

Supposethat one hasmeasurementsf some eld  at
discretelocationsand times but really wants, not accurate
synopticmapsof , butrathersomeclimatesignal derived
from . Commonprocedurevould beto obtain from the
sequencef maps.Herel arguethatthis maynotbeideal.

Onekey issueis accurag. Any linearmethodfor predict-
ing the continuouseld from availablepoint obsena-
tions canbewrittenin termsof aweightvector

)

The objectof an“optimal” (e.g., bestlinear unbiasedpre-
diction, BLUP) methodis ideallyto nd  somehav that
satisfy

— )

wherebracletsdenoteensemblaneanor expectatiorvalue,
and indicatesanoptimalestimatan theleast-squaresense.
But if oneactuallywantsa climatestatistic—forsimplicity,
say thetime averageof , where
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thenthemostdesirableestimateof  wouldbeobtainedrom
for which

— 4)
Using(3), (2) canberewrittenas
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Equation(5) just saysthat the “optimal” weights would
minimize the total errorsin ~ and . However, since
cantypically be estimatedvith muchsmallererror thanis
possiblefor  at individual times and places,the second
termdominateg5). Thustheweights andresultingsample

meanof the BLUPs, , would differ substantiallyfrom the

desiredveights  andbestpossibldinearestimate of the
desiredsignal.

This letter brie y outlinesthe distinctionbetweendeter
mining fromaserieof mapsof |, termed‘datamapping)
andapproachesvhere is extractedfrom the data rst and
mappedat the end of the analysis(“signal mapping”). For
simplicity | will assumehat is time-independenthis
includescoefcients of atime-varyingfunction, e.g.,atrend).

| illustrate theseconceptsusing the example of atmo-
spherictidal estimation.Suchtidesaredrivenby thediurnal
variation of solar heating[Chapmanand Lindzen 1970].
Though strongestin the mesospheregeneralcirculation
model simulationsand operationalanalyseshav that am-
plitudesin the stratospher@ndtroposphereare signi cant
fromthestandpoinbf dataassimilatiofe.g, Swintank etal.,
1999]andatmospheribudgetd Trenberth 1997]. Herewe
considettide asmeasuredby thedifferencebetweerwind at
00and12UTC.

Data and Approach

The study usesoperationakrawinsondedatafrom 1985-
1998archivedatNASA. Moststationsaremissingsign cant
amountsof data,andsomereportlittle or no dataat night.
Above 30 hPa few stationsreport; belov 200 hPa, tides
becomencreasinglyswampedyweathesystemssoresults
arepresentedbetweerthesdevelsonly. Tidesarecalculated
for two seasonsDecembeiebruaryDJF)andJuneAugust
(JA).

All mappingis performedhereusingthe standardech-
niqueof statisticalinterpolationor “kriging,” thoughthe ba-
sic principleswill hold for othermethods. Statisticalinter-
polation traditionallyusedn dataassimilationjs now avail-
ablein mary dataanalysissoftwarepackagesandperforms
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well comparedo othermethodqdLaslett 1994;Zimmerman
etal., 1999]. It relieson a GaussiarRandomField (GRF)
modelof the eld' s variability from someoverall meanor
background.The GRFis characterizedby a stationaryand
homogeneousutocorrelatiorfunction which mustbe
well-behared. Here,a “spherical” functionis tted to the
datale.g.,Cressie 1993]. The key parametersf this func-
tion arethe“nugget” or level of white noisein the eld and
its obsenations,andthe “ranges”or decorrelatiordistances
of the eld in eachdirection. For a further discussionof
statisticalinterpolationseeDaley [1991]. Wind statisticsare
signi cantly anisotropidn theregionstudied so isgiven
independentangesn the and directions.

Theparametersf mustbedeterminedrom thedata.
Here, mean-squaredifferencesare formed betweeneach
stationpair usingobsenationsover all times,andthe struc-
turefunction parametergoundwhich minimize the squared
differencebetweertheseandthe tted function[e.g.,Gunst
1995].

Interpolationitself is performedusing the “unbiased”
estimato—wherethe sum to unity—appliedto all ob-
senationsatagiventime andpressure An importantbene t
of statisticalinterpolationis thatsinceit is basedon a statis-
tical modelof the underlying eld, anuncertaintyestimate
of theinterpolantis readily obtained(assumingndependent
measuremergrrorsandanaccuratenodel).

Notethatphysically-basedonstraint@reavailablewhich
canimprove the mappingof wind and other vector elds
[seeDaley, 1991]. However, theseconstraintsembodyei-
thergeostrophidalanceor vectorisotropy of thewind eld.
Theseare both poor approximationsn the tropical lower
stratosphererheretidesarestrongestsol simply mapthe
and component®fthewind asscalars.

The data-mappingapproach: Synopticwind mapsare
madeat eachobservingtime, andthe differencefound be-
tweenthe meanmapsat 00Z andat 12Z. Before mapping,
the datawerescreenedndary differing from the meanby
morethansix pseudo-standardeviations  (4.45timesthe
interquartilerange)were removed (more stringentcriteria
did notmake a signi cant differencein theresult).

The signal-mapping approach: The 00Z-12Z differ-

ence is estimatedat eachstation , thenmapped.Here

is estimatedy takingthemeandifferencebetweereach
pair of available obsenationsat thatareseparatedy 12
hours discardingabsolutadifferencegreatethan . Each
uncertainty of wastaken equalto the standarddevi-
ation of the differencedivided by where s
thenumberof obsenationsusedin atleastonepairat .

Since varieswidelyamonghestations, mustbetaken
into accountexplicitly in mapping. This is quite simple;
seeDaley [1991, Sec.4.2] for equationsthat include the
obsenationerrormatrix O. NotethatO includeserrorfrom
two sourcesmeasuremengrror”  (theerrorin eachpoint
estimatecharacterizetly ), and‘representatienes®rror”

(dueto ne scalevariationsin the eld). We assumehe
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areindependenand is homogeneousSincethe empirical
“nugget”’variance alsoincludesboth,i.e.

(6)

where angle braclets denotethe meanover the observing
sites,we have adiagonalmatrix O givenby

(7)
(if thetermin parentheseés negativeit shouldbesetto zero).

Finally, thecalculationof the precisionuncertaintyin the
nal mapdueto horizontalandtemporakamplings straight-
forward[Daley, 1991,Sec.4.2]. This doesnot accountfor
the possibility of biasescommonto mary stations,which
cannotbedeterminedstatistically

Comparison of Performance

Eachof thesemethodswvastestedby reconstructindides
in thetropics(25S-25N)duringtheDJFseasomisingtropical
stations.Outsidethetropics,tidesaresmalleranddatamap-
pingbecomegsomputationallydemandinglueto thenumber
of northern-hemisphergtations.

Accuracy The -component, , of thetideat100hPa
estimatedy thesegwo methodss shavnin Figurela,b Fig-
ure 1d shows the migratingtide simulatedoy NASA's God-
dard Earth ObservingSystemversion2 generalcirculation
model(GEOS-2)seeSwinbanletal., 1999]for comparison.
Swinbanletal. [1999] foundthatmigratingtemperatur@s-
cillationsin this modelshaved reasonablegreementvith
obsenations. The tides estimatedhereby signal mapping
alsoresemblethoseof the GCM andlook far morereason-
ablethanthosecalculatedrom datamapping.

Thedramatidmprovementrom signalmappingis dueto
two reasons.First, the signal ~ wasmuch more spatially
coherentthanthe raw eld: the “nugget” varianceof
(Figurelb)was0.43m s vs.the optimizednuggetfor
of 13.7m s , andthelongitudinal“range” parametewas
much larger for the signal (225 vs. 29 degrees). Second,
stationswith relatively low reportingratesendedup poorly
representedn the wind mapseven thoughthey often col-
lectedenoughdatato provide very usefultidal information.

Novel constraints An addedbene t of signalmapping
is the possibility of applying additional constraintsto the
signalestimatehatwould beimpracticalotherwise.Specif-
ically, I consideredthe hypothesisthat the tide is purely
migratingwith no geostationargomponentaswould beex-
pectedfor solarforcing of a zonally uniform atmosphere).
In thiscase, atalocation( ) would equal— at
the opposedocation( , ). | testedthis hypothesis
by dividing the sum for eachstation
by its total uncertaintyto obtainwhatwould be, underthis
hypothesisa normally distributed quantity with unit vari-
ance.A chi-squaredestindicatedthatthe hypothesisould
notquiteberejectedatthe 95%con dencelevel; thesample
varianceof thedistributionwas1.6. Thus,evidencefor geo-
stationarytidesat 100 hPa wasweak. Similar conclusions
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Figure 1. Differencebetween at00Zand12Zat100hPafrom a) datamappingb) signalmapping.c) signalmappingwith
puremigrationconstrainiseetext), d) assimulatedoy the GoddardGEOS-2GCM (migratingtide only). Thin solid contours
indicate o w thatis moresouthvardat 00Z, dashedhereverseandthethick solid contouris zero(contourinterval 0.5m/s).

held above this level; below, geostationarntides could no
longerbe neglected.

Lackingsigni cant geostationaryides,it wasreasonable
atandabove 100hPato repeathe mappingexercise jnclud-
ing eachstationa secondtime asa “bogus” station (at its
opposedocationwith ), to form a directesti-
mateof the migratingtide. This map, madewith the same

asbefore,is shavnin Figurelc. Theresultshavs even
strongerresemblancéo the simulatedmigratingtide (Fig-
ure 1d). No similar stratgy canbe usedin datamapping,
sincemostwind variability doesnotobey thesamesymmetry
asthetide.

Error analysis Perhapshe mostsigni cant advantage
of signalmappingis the possibility of error analysis. This
was alreadyexploited above to testthe migrating-tidehy-
pothesis. In datamapping,a straightforvard uncertainty
mapcould easilybe generatedor eachsynopticmap; how-
ever, blendingtheseuncertaintymapsinto a singleestimate
of theuncertaintyof adesiredstatisticwould bevirtually im-
possiblesincethe maperrorswould notbeindependentBy
contrast signalmappingimmediatelyproducesan estimate
of theuncertaintyof theactualquantityof interest,provided
thattheerrors areuncorrelated.

Figure2 illustratesa latitudinaltransecbf the 100hPa -
tide with the one-sigmaerrorlevel, shawving the signalto be
well above the uncertainty The full error mapsweretested
by cross-alidationand found to be statistically consistent
with empiricalerrorsatlocationswithheldfrom themapping
process.

In caseswherethe are correlated,the uncertaintyof
the mapcanstill be determinedisingstandardnethodsbut
a correctionmustalso be added. One simple and general
wayto calculatethecorrectionis to usebootstrapmethodgo
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Figure2. Estimatedd0Z-12Z differencevs. latitudealong
the 1L00Emeridian,with 1-sigmaerrorbars;A) DJF, B) JA.

estimatehatuncertaintydueto randomvariationsin thedata
by mappingeachbootstrapsampleandthencomputingthe
samplevarianceamongthe maps[seeEfron and Tibshirani,
1993]. Thedifferencebetweerthisandthevariancey
expectedfrom uncorrelatecerrorsgivesthe necessargor
rection.

Tidal propagation Thetidalwind eld hasasigni cant
divergentcomponentn thetropics. Thisis calculatecalong
the equatorat eachlevel (usingthe pure migrationassump-
tion at 100 hPa andabove) andplottedin Figure 3 together
with that from the GEOS-2. The agreements againquite
goodoverall, particularlyin the diurnal (1 cpd) component
which shaws a cleardownward phasepropagatiorthrough
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Figure 3. Corvergenceon the equator00Z—-12Zdifference,
calculatedrom a) signal-mappingstimatesindb) GEOS-2.
Eachtracecorrespondso a pressurdevel indicatedat left;

smalltick marksonthe -axisindicatecorvergenceantervals
of 0.05day . Positive corvergenceis shaded.

the lower stratosphereThe GEOS-2modelalsoproducesa
strongsemidiurnalcomponentvhich propagateslifferently
andseemsverestimatedct 30 hPa comparedwith the data.
Both the modeland obsenationsindicatetidal uctuations
in divergenceof order0.1 day , which is equivalentto a
changen vertical velocity of 1 hPa/dayover a vertical dis-
tanceof 10hPa,assumingontinuity. Thisis quitesigni cant
comparedo meanascentates.

Discussion

Failure of “optimal” mapsof a variable to yield op-
timal climate signals is not specic to statisticalmap-
ping, or tides. Any climate signal thatis slowly varying
in time is likely to have differentspatialstatisticsthanthe
eld from which it derived. And ary spatialtechnique—
includingspline tting, localweightingschemesandothers,
mostof which arecloselyrelatecdto statisticamappinge.g.,
Hutchinsonand Gessler 1994]—uwill fail to optimize un-
lessspeci cally designedo do so.

Thoseseekingclimatesignalsin dataarethereforeurged
to considersignal-mappingapproachesvherever feasible.
Of coursethe degreeof bene t will dependon the problem,
andtheuseof physicalmodelsto helpestimate (i.e.opera-
tional analysisWwill oftenbepreferable. However, thelatter
isfundamentallyadata-mappingrocedure—thuexhibiting
biasesandaliasingof dataavailability patterns—an@pera-
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tionalproductsarenotyetadequatéor (for example)climate
changealetectiorie.g.,Barnettetal., 1999]. Thoughthetidal

signalherewasstationaryandthusrelatively straightforvard
to estimateria signalmapping amethodfor arbitrarysignals
will bepresentedn a subsequerpublication.
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