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Abstract. Whenanalyzingirregularly sampleddatato
obtainclimatesignals,a typical startingpoint is to usespa­
tial analysismethodsto map observationsonto a regular
grid. Clearbene�ts arepossible,however, from analterna­
tiveapproachin whichthedesiredsignalsare�rst estimated
directlyat theobservinglocations.Themostimportantben­
e�ts relate to accuracy and error analysis. Theseprinci­
plesareillustratedusingtheexampleof atmospherictides.
When properlyestimated,the tidesagreeremarkablywell
with thosesimulatedby theGoddardEarthObservingSys­
temgeneralcirculationmodeland,abovethetropopause,are
comparableto themeanmeridional�o w.

Intr oduction

Synopticanalysishasa long history andhasserved the
meteorologycommunitywell. Onelegacy of this technique
is thatspatio­temporaldatain theearthsciencesarenow usu­
ally treatedusingspatialmethods(many of themoriginally
developedfor geologyandminingapplications),appliedse­
quentially in time to generatea seriesof synoptic maps.
Operationalatmosphericanalysesareobtainedthroughes­
sentially this approach,thoughaidedby a forecastmodel.
The approachis alsowidely usedby investigatorsworking
from raw data,whomake mapseitherby collectingthedata
in bins or boxes,or usingstatisticalproceduresthatpredict
�eld valuesthroughoutthespatialdomain.

Supposethat onehasmeasurementsof some�eld
�

at
discretelocationsand timesbut really wants,not accurate
synopticmapsof

�

, but rathersomeclimatesignal � derived
from

�

. Commonprocedurewould beto obtain � from the
sequenceof maps.HereI arguethatthis maynotbeideal.

Onekey issueis accuracy. Any linearmethodfor predict­
ing thecontinuous�eld
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from availablepoint observa­
tions � canbewritten in termsof a weightvector 	

�����

:



���

	�
���� (1)

The objectof an “optimal” (e.g.,bestlinear unbiasedpre­
diction, BLUP) methodis ideally to �nd 	 somehow that
satisfy �
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wherebracketsdenoteensemblemeanor expectationvalue,
and




indicatesanoptimalestimatein theleast­squaressense.
But if oneactuallywantsa climatestatistic—forsimplicity,
say, thetimeaverageof

�

,
�

where
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thenthemostdesirableestimateof
�

wouldbeobtainedfrom
	&% for which �
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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 estimatedwith muchsmallererror than is
possiblefor

�

"

at individual times and places,the second
termdominates(5). Thustheweights	 andresultingsample

meanof theBLUPs,



�

, would differ substantiallyfrom the

desiredweights	'% andbestpossiblelinearestimate



�

of the
desiredsignal.

This letterbrie�y outlinesthedistinctionbetweendeter­
mining � from aseriesof mapsof

�

, termed“datamapping,”
andapproacheswhere � is extractedfrom thedata�rst and
mappedat the endof the analysis(“signal mapping”). For
simplicity I will assumethat �

�����

is time­independent(this
includescoef�cients of atime­varyingfunction,e.g.,atrend).

I illustrate theseconceptsusing the example of atmo­
spherictidal estimation.Suchtidesaredrivenby thediurnal
variation of solar heating[Chapmanand Lindzen, 1970].
Though strongestin the mesosphere,generalcirculation
modelsimulationsandoperationalanalysesshow that am­
plitudesin the stratosphereand tropospherearesigni�cant
fromthestandpointof dataassimilation[e.g.,Swinbanketal.,
1999]andatmosphericbudgets[Trenberth, 1997]. Herewe
considertideasmeasuredby thedifferencebetweenwind at
00and12UTC.

Data and Approach

The studyusesoperationalrawinsondedatafrom 1985­
1998archivedatNASA. Moststationsaremissingsigni�cant
amountsof data,andsomereportlittle or no dataat night.
Above 30 hPa few stationsreport; below 200 hPa, tides
becomeincreasinglyswampedbyweathersystems,soresults
arepresentedbetweentheselevelsonly. Tidesarecalculated
for twoseasons:December­February(DJF)andJune­August
(JJA).

All mappingis performedhereusingthe standardtech­
niqueof statisticalinterpolationor “kriging,” thoughtheba­
sic principleswill hold for othermethods.Statisticalinter­
polation,traditionallyusedin dataassimilation,is now avail­
ablein many dataanalysissoftwarepackages,andperforms
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well comparedto othermethods[Laslett, 1994;Zimmerman
et al., 1999]. It relieson a GaussianRandomField (GRF)
modelof the �eld' s variability from someoverall meanor
background.The GRF is characterizedby a stationaryand
homogeneousautocorrelationfunction

�����

which mustbe
well­behaved. Here,a “spherical” function is �tted to the
data[e.g.,Cressie, 1993]. Thekey parametersof this func­
tion arethe“nugget” or level of white noisein the�eld and
its observations,andthe“ranges”or decorrelationdistances
of the �eld in eachdirection. For a further discussionof
statisticalinterpolationseeDaley [1991]. Wind statisticsare
signi�cantly anisotropicin theregionstudied,so

� ���

isgiven
independentrangesin the � and � directions.

Theparametersof
�����

mustbedeterminedfrom thedata.
Here, mean­squareddifferencesare formed betweeneach
stationpair usingobservationsover all times,andthestruc­
turefunctionparametersfoundwhichminimizethesquared
differencebetweentheseandthe�tted function[e.g.,Gunst,
1995].

Interpolation itself is performedusing the “unbiased”
estimator—where the 	 sum to unity—appliedto all ob­
servationsatagiventimeandpressure.An importantbene�t
of statisticalinterpolationis thatsinceit is basedona statis­
tical modelof the underlying�eld, an uncertaintyestimate
of theinterpolantis readilyobtained(assumingindependent
measurementerrorsandanaccuratemodel).

Notethatphysically­basedconstraintsareavailablewhich
can improve the mappingof wind and other vector �elds
[seeDaley, 1991]. However, theseconstraintsembodyei­
thergeostrophicbalanceor vectorisotropy of thewind �eld.
Theseare both poor approximationsin the tropical lower
stratospherewheretidesarestrongest,soI simplymapthe 	

and 
 componentsof thewind asscalars.
Thedata­mappingapproach: Synopticwindmapsare

madeat eachobservingtime, andthe differencefound be­
tweenthe meanmapsat 00Z andat 12Z. Beforemapping,
thedatawerescreenedandany differing from themeanby
morethansix pseudo­standarddeviations �

"

(4.45timesthe
interquartilerange)were removed (more stringentcriteria
did notmakea signi�cant differencein theresult).

The signal­mapping approach: The 00Z­12Z differ­
ence��
�� is estimatedat eachstation � , thenmapped.Here

��
�� is estimatedby takingthemeandifferencebetweeneach
pair of availableobservationsat � that areseparatedby 12
hours,discardingabsolutedifferencesgreaterthan���

"

. Each
uncertainty��� of ��
�� wastakenequalto thestandarddevi­
ation of thedifferencesdivided by � �

�����

���

where �
� is

thenumberof observationsusedin at leastonepair at � .
Since��� varieswidelyamongthestations,� mustbetaken

into accountexplicitly in mapping. This is quite simple;
seeDaley [1991, Sec.4.2] for equationsthat include the
observationerrormatrix O. NotethatO includeserrorfrom
two sources:“measurementerror” ��� (theerrorin eachpoint
estimate,characterizedby �

� ), and“representativenesserror”
� (dueto �ne scalevariationsin the�eld). Weassumethe �

�

areindependentand � is homogeneous.Sincetheempirical
“nugget”variance 

�

alsoincludesboth,i.e.
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whereanglebrackets denotethe meanover the observing
sites,we havea diagonalmatrixO givenby
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(if thetermin parenthesesisnegativeit shouldbesettozero).
Finally, thecalculationof theprecisionuncertaintyin the

�nal mapduetohorizontalandtemporalsamplingisstraight­
forward [Daley, 1991,Sec.4.2]. This doesnot accountfor
the possibility of biasescommonto many stations,which
cannotbedeterminedstatistically.

Comparisonof Performance

Eachof thesemethodswastestedby reconstructingtides
in thetropics(25S­25N)duringtheDJFseasonusingtropical
stations.Outsidethetropics,tidesaresmalleranddatamap­
pingbecomescomputationallydemandingdueto thenumber
of northern­hemispherestations.

Accuracy The � ­component,�#
 , of thetide at 100hPa
estimatedby thesetwomethodsisshownin Figure1a,b. Fig­
ure1d shows themigratingtide simulatedby NASA's God­
dardEarthObservingSystemversion2 generalcirculation
model(GEOS­2)[seeSwinbanketal., 1999]for comparison.
Swinbanket al. [1999] foundthatmigratingtemperatureos­
cillations in this modelshowed reasonableagreementwith
observations. The tidesestimatedhereby signalmapping
alsoresemblethoseof theGCM andlook far morereason­
ablethanthosecalculatedfrom datamapping.

Thedramaticimprovementfrom signalmappingis dueto
two reasons.First, the signal �#
 wasmuchmorespatially
coherentthan the raw �eld: the “nugget” varianceof �#


(Figure1b) was0.43m
�

s$

�

vs. theoptimizednuggetfor 


of 13.7m
�

s
$

�

, andthe longitudinal“range” parameterwas
much larger for the signal (225 vs. 29 degrees). Second,
stationswith relatively low reportingratesendedup poorly
representedin the wind mapseven thoughthey often col­
lectedenoughdatato provideveryusefultidal information.

Novel constraints An addedbene�t of signalmapping
is the possibility of applying additionalconstraintsto the
signalestimatethatwouldbeimpracticalotherwise.Specif­
ically, I consideredthe hypothesisthat the tide is purely
migratingwith nogeostationarycomponent(aswouldbeex­
pectedfor solar forcing of a zonally uniform atmosphere).
In this case,��
�� at a location( �%�

�

��� ) would equal–��


$

� at
theopposedlocation( �&�%'

�)( �

, ��� ). I testedthis hypothesis
by dividing thesum

�

��
��
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$

�

�0/21�3

for eachstation
by its total uncertaintyto obtainwhatwould be,underthis
hypothesis,a normally distributed quantity with unit vari­
ance.A chi­squaredtestindicatedthatthehypothesiscould
notquiteberejectedat the95%con�dencelevel; thesample
varianceof thedistributionwas1.6. Thus,evidencefor geo­
stationarytidesat 100 hPa wasweak. Similar conclusions
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Figure1. Differencebetween
 at00Zand12Zat100hPafrom a)datamapping,b) signalmapping,c) signalmappingwith
puremigrationconstraint(seetext), d) assimulatedby theGoddardGEOS­2GCM (migratingtideonly). Thin solidcontours
indicate�o w thatis moresouthwardat00Z,dashedthereverse,andthethick solidcontouris zero(contourinterval 0.5m/s).

held above this level; below, geostationarytides could no
longerbeneglected.

Lackingsigni�cant geostationarytides,it wasreasonable
atandabove100hPato repeatthemappingexercise,includ­
ing eachstationa secondtime asa “bogus” station(at its
opposedlocationwith ��


$

�

� �

��
 � ), to form a directesti­
mateof themigratingtide. This map,madewith thesame

� ���

asbefore,is shown in Figure1c. Theresultshowseven
strongerresemblanceto the simulatedmigratingtide (Fig­
ure 1d). No similar strategy canbe usedin datamapping,
sincemostwindvariabilitydoesnotobey thesamesymmetry
asthetide.

Err or analysis Perhapsthemostsigni�cant advantage
of signalmappingis the possibility of error analysis. This
was alreadyexploited above to test the migrating­tidehy­
pothesis. In data mapping,a straightforward uncertainty
mapcouldeasilybegeneratedfor eachsynopticmap;how­
ever, blendingtheseuncertaintymapsinto a singleestimate
of theuncertaintyof adesiredstatisticwouldbevirtually im­
possiblesincethemaperrorswouldnotbeindependent.By
contrast,signalmappingimmediatelyproducesanestimate
of theuncertaintyof theactualquantityof interest,provided
thattheerrors �

� areuncorrelated.
Figure2 illustratesa latitudinaltransectof the100hPa 
 ­

tide with theone­sigmaerrorlevel, showing thesignalto be
well above theuncertainty. Thefull errormapsweretested
by cross­validationand found to be statisticallyconsistent
with empiricalerrorsatlocationswithheldfrom themapping
process.

In caseswherethe � � are correlated,the uncertaintyof
themapcanstill bedeterminedusingstandardmethodsbut
a correctionmust also be added. One simpleand general
wayto calculatethecorrectionis to usebootstrapmethodsto

Figure2. Estimated00Z–12Z
 differencevs. latitudealong
the100Emeridian,with 1­sigmaerrorbars;A) DJF, B) JJA.

estimatethatuncertaintydueto randomvariationsin thedata
by mappingeachbootstrapsampleandthencomputingthe
samplevarianceamongthemaps[seeEfron andTibshirani,
1993]. Thedifferencebetweenthisandthevariance

�
	

�
�

�

�

expectedfrom uncorrelatederrorsgivesthe necessarycor­
rection.

Tidal propagation Thetidalwind �eld hasasigni�cant
divergentcomponentin thetropics.This is calculatedalong
theequatorat eachlevel (usingthepuremigrationassump­
tion at 100hPa andabove) andplottedin Figure3 together
with that from the GEOS­2. The agreementis againquite
goodoverall, particularlyin thediurnal (1 cpd)component
which shows a cleardownward phasepropagationthrough
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Figure3. Convergenceon theequator, 00Z–12Zdifference,
calculatedfroma)signal­mappingestimatesandb)GEOS­2.
Eachtracecorrespondsto a pressurelevel indicatedat left;
smalltick marksonthe � ­axisindicateconvergenceintervals
of 0.05day

$

% . Positiveconvergenceis shaded.

thelower stratosphere.TheGEOS­2modelalsoproducesa
strongsemidiurnalcomponentwhich propagatesdifferently
andseemsoverestimatedat 30 hPa comparedwith thedata.
Both the modelandobservationsindicatetidal �uctuations
in divergenceof order0.1 day$

% , which is equivalent to a
changein verticalvelocity of 1 hPa/dayover a verticaldis­
tanceof 10hPa,assumingcontinuity. Thisisquitesigni�cant
comparedto meanascentrates.

Discussion

Failure of “optimal” mapsof a variable
�

to yield op­
timal climate signals � is not speci�c to statisticalmap­
ping, or tides. Any climate signal that is slowly varying
in time is likely to have differentspatialstatisticsthan the
�eld from which it derived. And any spatial technique—
includingspline�tting, localweightingschemes,andothers,
mostof whicharecloselyrelatedto statisticalmapping[e.g.,
HutchinsonandGessler, 1994]—will fail to optimize � un­
lessspeci�cally designedto doso.

Thoseseekingclimatesignalsin dataarethereforeurged
to considersignal­mappingapproacheswherever feasible.
Of coursethedegreeof bene�t will dependon theproblem,
andtheuseof physicalmodelsto helpestimate

�

(i.e.opera­
tional analysis)will oftenbepreferable.However, thelatter
is fundamentallyadata­mappingprocedure—thusexhibiting
biasesandaliasingof dataavailability patterns—andopera­

tionalproductsarenotyetadequatefor (for example)climate
changedetection[e.g.,Barnettetal., 1999]. Thoughthetidal
signalherewasstationaryandthusrelativelystraightforward
toestimateviasignalmapping,amethodfor arbitrarysignals
will bepresentedin a subsequentpublication.
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