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Validationof theNESDISNearRealTimeAIRS channelselection

Abstract

TheAtmosphericInfraRedSounder(AIRS) on boardAQUA will provide 2378channelsfor eachfield of
view of the instrument.As it is neitherfeasiblenor efficient to assimilateall the channelsin a numerical
weatherpredictionsystem,a policy of channelselectionhasto bedesignedin this context. This paperat-
temptsto assesstheoptimality of theselectionof theAIRS radiancechannelsthatwill beavailableto the
scientificcommunityin nearrealtimeby NOAA/NESDIS(calledhereafterNESDISNRT). Thisassessment
is doneby comparingthis channelselectionwith anothermethodpresentedin Rabieret al. (2002),theso-
called“constant”method.It turnsout thatalthoughtheselectedchannelsaredifferentandtheinformation
contentasmeasuredby theEntropy Reduction(ER)andtheDegreeof Freedomfor Signal(DFS)is slightly
smallerfor the NESDISNRT channelsetthanfor the “constant”set,bothchannelselectionsgive similar
resultsin termsof analysiserrorfor temperature,humidity andozone.Therobustnessof theresultsis then
evaluatedby varying a rangeof input parametersto the channelselectionscheme,in particularthe atmo-
spherictrainingdatasetonwhichthechannelselectionis basedandthebackgrounderrorcovariancematrix.
It is foundthat theperformanceof the“constant”channelselectionis very sensitive to thetrainingdataset,
while theNESDISNRT channelsselectionremainsrobustto differentbackgrounderrorspecifications.Al-
together, the“manuallyselected”NESDISNRT channelsprovide a goodcompromisebetweenrobustness
andquality.

1 Intr oduction

By measuringradiationin many thousandsof differentchannels,advancedinfraredsounderssuchastheAt-
mosphericInfraRedSounder(AIRS, 2378channels)and the InfraredAtmosphericSoundingInterferometer
(IASI, 8461channels)have thepotentialto provide atmospherictemperatureandcompositioninformationat
a muchhigherverticalresolutionandaccuracy thatcanbeachievedwith thecurrentgenerationof operational
soundinginstruments(High InfraRedRadiationSounder- HIRS,20 channels).Successfulexploitationof this
new generationof satelliteinstrumentsis oneof themajorchallengesfor NumericalWeatherPrediction(NWP)
centresfor thenext tenyears.

It is neitherfeasiblenor efficient to assimilateall of the channelsand most centresare following effective
channelselectionstrategiesfor radianceassimilationin NWP. Thechallengeis to find a setof channelsthat is
smallenoughto beassimilatedefficiently in a globalNWP system(within operationaltime constraints),and
largeenoughto captureimportantatmosphericvariability.

Following thelaunchof theNASA1 AQUA satellitein May 2002,areducedsetof AIRS radiancechannelshave
beenselectedby theAIRS ScienceTeam(Susskind,pers.comm.)andwill bemadeavailableto thescientific
communityin NearRealTime (NRT) by NOAA2/NESDIS3. Severalinformationcontentstudiesfor advanced
soundersaim at identifying the “best” channelsfor NWP in order to minimise the reductionof information
from advancedinfraredsounders.In particular, Rabieret al. (2002)have testedseveralmethodsin thecontext
of the IASI instrument.They found that the channelselectionmethodfollowing Rodgers(1996)selectsthe
numberof IASI channels(in clearsky conditions)in anoptimalway which preservestheinformationcontent
of the instrument.The maingoal of this studyis to apply theRabieret al. (2002)methodologyto theAIRS
instrumentin orderto assessthe quality of the NESDISNRT channelselectionversusa more“optimal” (as
definedby informationcontentconsiderations)channelselection.

In section2, theexperimentalframework of thestudyaswell astheoptimaltechniqueleadingto the“constant”
channelselectionmethodarebriefly described.Theefficiency of theNESDISNRT channelselectionis then

1NationalAeronauticandSpaceAgency
2NationalOceanicandAtmosphericAdministration
3NationalEnvironmentalSatelliteDataandInfomationService
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comparedto the“constant” selectionin termsof informationcontentandlinear1DVAR performance(section
3). The robustnessof the resultsto the different inputsto the channelselectionis thenevaluated.Section4
addressestheproblemof representativenessof the trainingdatasetusedfor the “constant” channelselection.
The sensitivity of the resultsto the specificationof the backgrounderror covariancematrix is describedin
section5. Conclusionsarediscussedin section6.

2 Experimental framework

The generalframework of this channelselectionstudy is linear optimal estimationtheory in the context of
NWP. Wefollow theframework presentedat lengthby Rabieretal. (2002)from whichwesummarizethemain
elements.Theatmosphericprofile in temperature,humidity, ozoneandsurfacetemperatureat a givenlocation
is representedby a vectorx andthe satelliteobservationsby a vectory. The observationsarelinked to the
atmosphericstateby anobservationoperatorrepresentingtheradiative transferequation:

y ����� x ��� εO � εF (1)

wherethemeasurementandtheforwardmodelerrorsεO andεF areeachassumedto begaussiannoiseswith
error covariancematricesO andF. We denoteR � O � F the resultingobservation error covariancematrix.
The backgroundstatevectorxb hasan associatederror covariancematrix denotedB. The radiative transfer
equationis assumedto beweaklynon-linear, makingthetangentlinearassumptionvalid in thevicinity of the
backgroundstate: ��� x �	�
��� xb ��� H � x � xb � whereH is the tangentlinear modelof the radiative transfer
model � .

Rabieret al. (2002)usetwo additionalconceptsintroducedby Rodgers(2000): theEntropy Reduction(ER �
� 1

2 log2det � AB 
 1 � ) and the Degreesof Freedomfor Signal (DFS � Tr � I � AB 
 1), whereA representsthe
analysiserrorcovariancematrix. Let λ representeigenvaluesof AB 
 1 (a smallλ correspondingto a direction
wherethemeasurementshave reduceda lot theanalysiserrorvariance).It canbeshown that:

DFS � n � ∑
λ � σ � AB � 1 �

λ (2)

ER ��� 1
2 ∑

λ � σ � AB � 1 �
log2λ (3)

wheren representsthetotalnumberof degreesof freedomof theanalysisproblem.

Both conceptsarevery useful in that they quantify the gain in informationbroughtby the observationswith
respectto thebackgroundinformation(thelargertheER or theDFSthebetter).

In this study, the radiative transfermodelfor AIRS (RTAIRS) describedby Matricardiet al. (2001)hasbeen
usedfor � . Thismodelusesafixedverticaldiscretizationwith 43pressurelevels(seeMatricardiandSaunders,
1999).TheB matrix hasbeeninterpolatedfrom thecurrent(2002)operational60-level ECMWF background
errorcovariancematrixrepresentingshortrangeforecasterrorsof theECMWFmodel.Thesurfacetemperature
backgrounderror standarddeviation hasbeenincluded(1.04K correspondingto an inflation of 0.52 to the
lowestmodel leveltemperaturebackgrounderror variance)in the B matrix anda correlationwith the lowest
troposphericlevel hasbeenadded(it is assumedthat theverticalcorrelationbetweenthesurfaceandthefirst
modellevel is identicalto thecorrelationbetweenthat level andtheoneabove). Thecovariancematrix R has
beenderivedfrom thelatestestimationof theAIRS instrumentnoise(Hannon,pers.comm.).
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2.1 Channel selection

Theiterativemethodfor channelselection,proposedby Rodgers(1996)andusedin Rabieretal. (2002),entails
performingsuccessive analyses,eachoneusingonly oneextra channelat a time. Theresultinganalysiserror
covariancematrixis updatedaccordinglyandusedatthenext iterativestep.Thisensuresthatall theinformation
comingfrom previouschannelsis takeninto accountfor theselectionof thenew channel.Thechannelselection
in our caseis basedon maximizingtheER (andis therefore“optimal” in thatsense).It hasbeenverifiedthat
thechannelselectiondoesnotchangeif oneconsiderstheDFSasthechoicecriterionfor thechannelselection.

In this study, the backgroundfields and the AIRS datahave beensimulatedfrom a setof representative at-
mosphericsituations.This setis partof theECMWF atmosphericdatabase(Chevallier, 1999andChevallier
et al., 2000)andformsa setof 108profilesof temperature,humidity, ozone,surfacetemperatureandsurface
pressurecoveringmostof atmosphericvariability. All atmosphericscenesareassumedto becloud-free,over
seaandfor nadirviews. The108profilesaredivided into 75 midlatitude(20� N-70� N,20� S-70� S), 14 tropical
(20� N-20� S) and19 polar(70� N-90� N, 70� S-90� S) profiles.

As a startingpoint, we have consideredthat 324 channelswill be available in the NESDISNRT selection.
Sincesomechannelsof theoriginal2378areknown to beof poorerquality, they areexcludedfrom theoptimal
selection.Applying thischeck,thetotal numberof AIRS channelsis reducedfrom 2378to 2140.

As pointedoutby Rabieretal. (2002),thismethodif appliedbluntly (oneoptimalchannelselectionperatmo-
sphericprofile)canbeveryCPUtimeconsumingandwouldcertainlybeimpossibleto applyin anoperational
context. Therefore,asin Rabieret al. (2002),a “constant”channelselectionhasbeencomputedasan aver-
ageof the108 differentoptimal channelselectionsandis usedhereasa benchmarkfor the validationof the
NESDISNRT selection.

Differentcriteriacanbeusedto comparethequality of thedifferentchannelselections.Onecanfor example
investigatetheinformationcontentof AB 
 1 representedby its eigenvaluesthatprovide thenumberof indepen-
dentpiecesof informationbroughtby theobservations.As alreadymentioned,DFSandERareotherquantities
thatgiveaglobalmeasureof thereductionof uncertaintybroughtby theanalysis.

2.2 Linear 1D-Var

Besidesthequalitycriteriadescribedabove,theefficiency of eachchannelselectionhasbeenevaluatedin terms
of linear1D-Var. Thelinear1D-Var is briefly describedin thefollowing.

Theoptimalanalysedstatexa is givenby xa � xb � K � y � yb � with K � AH � R 
 1 andA ��� B 
 1 � H � R 
 1H � 
 1.
K is the Kalmangainmatrix andA is theanalysiserror covariancematrix introducedabove. The parameter
spaceis thetemperature,humidity andozoneprofile definedon the43 RTAIRS pressurelevels (Matricardiet
al., 2001)andthesurfacetemperature.� A � is usuallyusedasa criterion for quality of 1D-Var retrieval (the
smallerthebetter).

3 ComparisonbetweenNESDIS NRT and “constant” channelselections

The”constant”channelselectionis anaverageselectionbasedon thesetof 108individual optimalchannelse-
lections.In factonly 63channelsarealwaysselectedthroughthe108channelselections(correspondingto very
differentatmosphericsituations),whereas1504channelsarenever selected.Theresulting“constant”channel
selectionsharesonly 119 channelswith the NESDISNRT selection. Figure1 displaysthe AIRS spectrum
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Figure 1: Typical spectrumof AIRSsuperimposedat the top of the figure by the locationof thechannelschosenby the
NESDISNRTselection(stars)andpickedby the“constant” channelselection.SeeTablebelowfor thedescriptionof the
letterscorrespondingto differentspectral bands.

Band
A Temperaturesounding
B Ozone
C Watervapor
D Temperaturesounding(troposphere)
E Temperaturesounding(stratosphere)
F surfacewindow

correspondingto a midlatitudeprofile togetherwith thelocation(at thetop of thefigure)of theNESDISNRT
(stars)and“constant”selectedchannels(circles).Thedifferentspectralbandsarelabelledby lettersto facilitate
thediscussion.At first sight,theNESDISNRT channelselectionspanstheIR spectrummoreevenly thanthe
”constant”channelselectionwhich privilegesspecificsmall spectraldomains. This choicefor the NESDIS
NRT selectionis obviouslyaimingat representingasuniformly aspossiblethewholeAIRS spectrum.Thefact
thatonly 119out of 324channelsarecommonlyselectedbetweenthe two approachescould seemworrying.
However, ascanbeseenfrom Fig. 1, largespectralareasarecoveredby bothsets(longwaveCO2,ozone,water
vapour,...) andobviously ”constant”andNESDISNRT have selectedneighbouringwavenumbers.

A closerlook to both selectionsindicatesthat 53% of NESDISNRT channelsarelocatedin bandsA andB
againt36% of the “constant”channelswhile 40% of this latter setarechosenin bandC. BandD is hardly
coveredby the “constant” channelselection,whereasboth NESDIS NRT and “constant” selectedchannels
describeevenly bandE. BandB is alsowell capturedby thetwo selections.Thestudyof theJacobiansof the
associatedselectedchannelsin bothselectionsindicatesanoverrepresentationof theupper-stratosphere (bands
A andE) in the “constant”selection.This overrepresentationof the upper-stratospherecanbe explainedby
thelargetemperaturebackgrounderrorvariancesat theselevels.Thereis alsoa dominatingchoicefor bandC
(watervapour)in the“constant”channelselection,mostlikely drivenby theverticalstructureof thehumidity
backgrounderror covariancematrix. Conversely, NESDIS NRT selectionhasa large numberof channels
peakingin thelow tropospherecorrespondingto bandsA andF.

Figure2 andTab. 1 show thattheER andDFSareslightly smallerfor theNESDISNRT selectionthanfor the
“constant”selection.Thenumberof independentpiecesof informationbroughtby the324channels(asdefined
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Figure 2: Evolutionof theDegreeof Freedomof SignalandtheEntropyReductionfor the“constant” channelselection
with respectto the numberof selectedchannels,averagedover the 108profiles. Thecorrespondingvaluesof DFSand
ERfor theNESDISNRTchannelsetis alsoappended.

Table1: Valuesof DFS(Degreesof Freedomof Signal),ER(EntropyReduction)andmeannumberof Eigenvalues(EV -
asdefinedin ThépautandMoll 1990andRabieret al. 2002)for ’NESDISNRT’, ’constant’, ’all channels’and ’HIRS-
like’ selections.’All channels’correspondsto theexperimentwhen2140channelsare used.’HIRS-like’ correspondsto
theexperimentwhen15 AIRSchannelsclosestto thecurrentchannelsof theHigh resolutionInfraredRadiationSounder
(HIRS)areused.

Experiment DFS ER EV
NESDISNRT 18.36 49.93 25.7

Constant 20.59 57.94 28.5
All channels 24.34 76.16 33.2

Hirs-like 6.44 14.06 9.29

in thesectionabove) is alsosmaller(25.2against28.8)in thecaseof NESDISNRT selection.However, both
selectionsgreatlyimprove theDFS,ER andthenumberof eigenvaluescomparedto theuseof the15channels
correspondingto thecurrentHIRS instrument(seeTab. 1).

Wehave examinedthestandarddeviationsof backgrounderrorandof linear1D-Varanalysiserrorfor temper-
ature,humidity andozoneprofilesaswell asfor surfacetemperature,averagedover the108profiles(Fig. 3).
Both NESDISNRT and“constant”selectionsoutperformthe“HIRS-like” setin termsof analysiserrorreduc-
tion, andthis for temperature,humidity andozone. NESDISNRT and“constant”selectionsprovide similar
temperatureretrieval errorsin the lower troposphere,while the “constant”selectionproducesanalysiserrors
generallysmallerthan2 K in theupper-troposphereandin thestratosphereversus2.5K or morewith NESDIS
NRT selection.Otherwise,bothselectionsprovide similarhumidityandozoneanalysiserrors.

For surfacetemperature,theanalysiserrorstandarddeviation is decreasedto 0.05K for bothselectionsto be
comparedwith 1.04Kfor thebackgroundand0.3K for the“HIRS-like” channelset.Thisresultshouldbetaken
with greatcaresincetheverysmallanalysiserroris explainedby thesomewhat“empirical” valuespecifiedfor
thesurfacetemperaturebackgrounderror. Thisquantityis poorly known in NWP modelsasis thebackground
errorverticalcorrelationbetweensurfacetemperatureandlowestmodellevel temperature.
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Figure 3: 1D-Var averaged (over 108 profiles)error standard deviation, for temperature (top left in log scaleand top
right in linear scale),humidity(bottomleft) andozone(bottomright). Experimentnamesasexplainedin table1.

Comparisonswith “all channels”retrieval errors(Fig. 3) provide someguidanceaboutthelossof information
entailedby thetwo channelselectionstested.Theuseof all channelsleadsto afurtherreductionof temperature
analysiserrorof about0.1K in thetroposphereandroughlyof 0.2K in thestratosphere.Theimprovementin the
humidityanalysisis very importantin thelower tropospherewhenall thechannelsareusedin theassimilation.
Likewise,theozoneretrieval erroris substantiallydecreasedwhenthe2140channelsareused.Thefurthergain
in ER andin DFSis 18.2and3.75respectively whenall thechannelsareusedin theanalysis(Tab. 1).

We concludethat even thougha lossof informationcontentis to be expectedby usingaroundonetenthof
thetotal numberof AIRS channels,theNESDISNRT selectionseemsreasonablefor NWP applications.Even
thoughthe informationcontentis slightly smallerthanfor the “constant”selection,the respective quality of
NESDISNRT and“constant”selectionsis very comparablein termsof linear1D-Var retrieval errorfor all re-
trievedparameters.Thisshowsthatdespiteadifferentchoiceof channels(only 119outof 324arein common),
thespectralbands(andthereforetheatmosphericlayers)aresufficiently similarly coveredby thetwo selections
to provide equivalentperformance.
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Table2: Valuesof dfs(Degreesof Freedomof Signal),ER(EntropyReduction)andmeannumberEigenvalues(EV) for
thedifferentchannelselectionwith respectto theairmasstype.

Airmassclass DFS ER EV
Mid-latitude 20.26 56.44 28.3

Polar 20.82 61.05 28.7
Tropical 20.33 54.20 27.9
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Figure 4: Typical spectrumof AIRSand location of the channelsselectedby the “constant” methodaveragedover all
profiles(“constant”) andover differentairmassprofile classes(“mid-latitude constant”,“polar constant”and“tr opical
constant”).SeeTableof Fig. 1 for thedescriptionof theletter correspondingto spectral bands

In thefollowing sections,therobustnessof theresultsto variousinputsto thechannelselectionis assessed.

4 Impact of the airmasson the quality of the NESDIS NRT selection

In this section,we investigatetherobustnessof thedifferentchannelselectionsto theairmassunderconsider-
ation.Two questionsareconsidered:1) Is theNESDISNRT selectionrobust to theatmosphericairmass(e. g.
polar, mid-latitude,tropical)?2) Whathappensto the“constant”selectionif it is basedon a givenairmassand
appliedto a verydifferentone?

4.1 Variation of the channelselectionwith respectto the airmasstype

Threeairmassclasseshave beendefined:themid-latitudeairmassclassconsistsof 75profiles,thetropicalone
consistsof 14 profilesandthe last19 profilesrepresentthepolar type. Figure4 displaysthespectrallocation
of thedifferent“constant”channelselectionstailoredto thethreedifferentairmassclasses(i.e. theaveragehas
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Figure5: 1D-Var temperature(toppanels),humidity(left-handbottompanel)andozone(right-handbottompanel)error
standard deviation averaged over the tropical airmasstype (14 profiles). Errors are representedfor “Background” ,
“NesdisNRT”, “Tropical constant”and“Polar constant”channelselections

beenperformedon therepresentative profilesof eachairmasstype).

The“constant”channelselection(averagedover thewholedataset)shares319channelswith the“mid-latitude
constant”selection,288channelswith the“tropical constant”selectionand254channelswith the“polar con-
stant”selection.The“polar constant”and“tropical constant”selectionsshareonly 226channels.In particular,
the“polar constant”selectiondoesnotpick any channelin theright partof thebandA (12.5µm) in contrastto
the“tropical constant”selection,but favoursthepurewindow (10.5µm). In fact,whentheselectionis based
on tropicalprofilesthe12.5µm regionactsasawatervapourbandandchannelsareselectedin thisareadueto
largespecifiedhumidity backgrounderrors,whereasthehumidity signalis weakin this spectralregion when
dealingwith very dry polarprofileswhich favour a selectionin a cleanerwindow region andin bandC ( 6 µm
watervapourband).As expected,theglobal“constant”selectionis dominatedby a mid-latitudesignaldueto
a ratherpoorrepresentationof polarandtropicalairmassin thesamplingdataset.

The outcomeof the various1D-VAR experimentsusing the different channelselectioncombinations(not
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shown) canbesummarisedasfollows:

? For temperature,NESDIS NRT and the different “constant” selectionsprovide similar resultsfor all
airmasstypes.

? For humidity, NESDIS NRT gives similar performanceas “mid-latitude constant”and “tropical con-
stant”. “Polar constant”channelselectionprovidesslightly betterresultsthanNESDISNRT below 400
hPa for thepolarairmassclass,in agreementwith amoremassive selectionin bandC (157channelsfor
“polar constant”versus61 for NESDISNRT).

? For ozone,theselectionsgive similar resultswith theexceptionof thetropicalairmass,wherethe“trop-
ical constant”selectionprovidesslightly smalleranalysiserrorsthanNESDISNRT.

Altogether, theNESDISNRT selectionseemsto befairly insensitive to theairmasscategory, thusconfirming
thequality of careful“manual” choiceof thesechannelsperformedby theAIRS ScienceTeam.

4.2 Importance of the training datasetfor the quality of the channelselection

It hasbeenshown above that the channelselectioncanvary dependingon the airmasstype the selectionis
trainedwith. To documentfurtherthis issue,we illustrateheretheimpactof performinga 1D-Var analysisfor
certainatmosphericsituationusinga channelselectionbasedon a completelydifferentatmospherictraining
dataset.

Figure5 displaysthe1D-Var performanceof theNESDISNRT, the “tropical constant”and“polar constant”
selectionsaveragedover the14 tropicalprofilesavailablein our dataset.Onecanclearlyseethedegradation
in humidity below 700hPa of the“polar constant”selection,dueto a poorsamplingof thetroposphericwater
vapourchannels.Onealsonotea lossof around0.5 unit in term of DFS and2.39unit in term of ER. This
indicatesclearly the importanceof an exhaustive training datasetif oneplansto replacethe day-1NESDIS
NRT selectionby a moreoptimal methodin the nearfuture. It is of particularimportanceto captureall the
weatherregimesfor highly variablequantitiessuchasspecifichumidity.

5 Robustnessof the selectionto the specificationof the background error co-
variancematrix

Thecurrentbackgrounderrorcovariancematrix usedat ECMWF only providesa climatologyof short-range
forecasterrors.On theotherhand,previous informationcontentstudies,suchasthoseof Prunetet al. (1998)
andCollard (1998),have suggestedthatadvancedsounderssuchasAIRS andIASI could resolve in clearair
someof thesmallscalebaroclinicstructuresthathavebeenidentifiedby sensitivity studies(Klinkeretal., 1998)
asbeingcrucialto forecasterrordevelopment.It is thereforeimportantto assesstheability of theNESDISNRT
selectionto “observe” suchimportantatmosphericpatterns.

Onemonthof “key analysiserrors” (asdescribedin Klinker et al., 1998)hasbeencomputedat a resolution
of T159 (120 km): these“errors” representperturbationsthat, if addedto the ECMWF operationalanalysis,
reducethe48hourforecasterror(definedastheglobaldifferencebetweenthe48hourforecastandtheverifying
analysis).Up to now, humidity perturbationsarenot consideredin thesensitivity computations,thereforeonly
temperatureis includedin thesensitivity studydescribedhere.Thesestructuresaregenerallyof smallamplitude
(meaningthatasmallatmosphericperturbationin thisareacanhaveavery largeimpactontheforecastquality)
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Figure6: 1D-Var temperatureerror standard-deviationaveragedover108profiles(left panelin log scaleandright panel
in linear scale), for variouschannelselections.’Key analysiserror’ correspondsto thestandard deviationof key analysis
error. ’NesdisNRT’ and ’constant-sensitivity’correspondto 1D-Var analysiserrors for NESDISNRTand “constant”
selectionusingthe“k ey analysis”asbackgorunderror.

andcanbefairly sharpboth in thehorizontalandin thevertical. Theassociatedcovariancematrix (averaged
overonemonth)is sharperin theverticalandhorizontalthantheoperationalbackgroundcovarianceerror(not
shown). In addition,ascanbeseenfrom Fig. 6, theerrorstandarddeviationsareproportionallylarge in the
troposphereandin thehighstratosphere.

Theoptimalselectionscomputedwith theoperationaltemperaturebackgrounderrorcovariancematrix (“con-
stant”)and“key analysiserror” covariancematrix (“constant-sensitivity”) shareonly 138channels.Themain
differencesappearin bandsB, D andF wherechannelsaresolelyselectedby the“constant”methodusingthe
operationalbackgrounderror. “Constant-sensitivity” selectsmorechannelsin bandC (watervapour),channels
obviously having somesensitivity to temperatureaswell and locatedin layerswherethe temperatureback-
grounderrorvarianceis proportionallylarge.Similarly, morechannelsarealsoselectedin bandE.

The1D-Vartemperatureerrorstandarddeviationisshown onFig. 6 for NESDISNRT and“constant-sensitivity”
selections,togetherwith the “key analysiserror” standarddeviation. The two selectionsshareonly 67 chan-
nels.Eventhoughthesuperiorityof the“constant-sensitivity” channelselectionis clearin thetroposphereand
highstratosphere,NESDISNRT selectionstill managesto substantiallyreducetheoriginal“key analysiserror”
variancein thetroposphere.

This only gives a flavour of the efficiency of the NESDIS NRT channelselectionto copewith sensitivity
perturbations,sinceit is now well recognisedthatthesesensitiveareasaregenerallyaffectedby cloudsthatwill
badly affect the performanceof the AIRS instrumentaltogether(McNally, 2002,Fourrié andRabier, 2002).
Our resultimpliesthatif thesestructuresexist in realityandhave somesignaturein clearsky areas,thecurrent
NESDISNRT selectionis ableto observe them.
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6 Conclusions

TheNESDISNRT AIRS channelselectionto beprovidedto theoperationalweathercentreshasbeenassessed
throughcomparisonwith a “constant”selectiondeducedfrom anoptimal iterative methodfollowing Rodgers
(1996). NESDISNRT and “constant”channelselectionsaresomewhat different, only 119 channelsout of
324areindeedidenticalbetweenthe two selections.However, bothselectedchannelsspansufficiently close
spectralregionsandleadto similar resultsin termsof DFSor ER,andalsoin termsof temperature,humidity,
ozoneandsurfacetemperaturelinear1D-Var analysiserrors.

Theimpactof theairmasson thechannelselectionhasthenbeenstudied.Theoutcomeis thatapoorly trained
optimalchannelselectioncanperformbadlyespeciallyfor humidity. Ontheotherhand,NESDISNRT selection
seemsto capturesatisfactorily mostof thevariability of differentatmosphericsituations.

The impactof thebackgrounderrorcovariancematrix hasbeenassessed.A covariancematrix representative
of key analysiserrorsfelt crucial for the quality of the short rangeforecastshasbeenusedto validatethe
robustnessof theNESDISNRT selection.It wasshown thatunderthose“extreme”conditions,NESDISNRT
performsagainreasonablywell ascomparedto adedicatedchannelselection.

All the experimentsshow that despitethe overall slightly smallerinformationcontentof the NESDISNRT
versusoptimally derived channelselections,this selectionseemsvery reasonablefor NWP applicationsand
appearsto be robust. This givessomeconfidenceabouttheday-1strategy which will usetheNESDISNRT
selection.
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