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Validationof the NESDISNearRealTime AIRS channekelection

Abstract

The AtmosphericinfraRedSounder(AIRS) on board AQUA will provide 2378 channeldor eachfield of
view of theinstrument. As it is neitherfeasiblenor efficient to assimilateall the channeldn a numerical
weathermredictionsystem,a policy of channelselectionhasto be designedn this contet. This paperat-
temptsto assesshe optimality of the selectionof the AIRS radiancechannelghatwill be availableto the
scientificcommunityin nearrealtime by NOAA/NESDIS (calledhereafteNESDISNRT). Thisassessment
is doneby comparingthis channelselectionwith anothemethodpresentedn Rabieretal. (2002),the so-
called“constant”’method.It turnsout thatalthoughthe selectecchannelsaredifferentandtheinformation
contentasmeasuredy the Entropy Reduction(ER) andthe Degreeof Freedonfor Signal(DFS)is slightly
smallerfor the NESDISNRT channelsetthanfor the “constant”set, both channelselectiongyive similar
resultsin termsof analysiserrorfor temperaturehumidity andozone.The robustnes®f the resultsis then
evaluatedby varying a rangeof input parameterso the channelselectionschemejn particularthe atmo-
sphericrainingdatasebn whichthechannekelectioris basedandthe backgrounderrorcovariancematrix.
It is foundthatthe performancef the “constant”channekselectionis very sensitve to thetraining dataset,
while the NESDISNRT channelselectionremainsrobustto differentbackgrouncerror specificationsAl-
togetherthe “manually selected™NESDISNRT channelgrovide a goodcompromiseébetweerrobustness
andquality.

1 Intr oduction

By measuringadiationin mary thousand®f differentchannelsadwancedinfraredsoundersuchasthe At-
mosphericinfraRed Sounder(AIRS, 2378 channelsyandthe Infrared AtmosphericSoundinginterferometer
(IASI, 8461 channelshave the potentialto provide atmosphericemperatureand compositioninformationat
amuchhigherverticalresolutionandaccurag thatcanbe achiezed with the currentgeneratiorof operational
soundingnstrumentgHigh InfraRedRadiationSounder HIRS, 20 channels) Successfuéxploitation of this
new generatiorof satelliteinstrumentss oneof themajorchallengegor NumericalWeathePrediction(NWP)
centredor thenext tenyears.

It is neitherfeasiblenor efficient to assimilateall of the channelsand most centresare following effective
channekelectionstratgiesfor radianceassimilationin NWP. The challengds to find a setof channelghatis
smallenoughto be assimilatedefficiently in a global NWP system(within operationatime constraints)and
large enoughto captureimportantatmospheriwariability.

Following thelaunchof theNASA® AQUA satellitein May 2002 areducedsetof AIRS radiancechannelhave

beenselectedby the AIRS ScienceTeam(Susskindpers.comm.) andwill be madeavailableto the scientific
communityin NearReal Time (NRT) by NOAA2/NESDIS. Severalinformationcontentstudiesfor advanced
soundersaim at identifying the “best” channelsor NWP in orderto minimise the reductionof information
from adancedinfraredsoundersin particular Rabieretal. (2002)have testedseveralmethodsn the context

of the IASI instrument. They found that the channelselectionmethodfollowing Rodgers(1996) selectsthe
numberof IASI channelqin clearsky conditions)in anoptimalway which preserestheinformationcontent
of the instrument. The main goal of this studyis to apply the Rabieret al. (2002) methodologyto the AIRS

instrumentin orderto assesshe quality of the NESDISNRT channelselectionversusa more “optimal” (as
definedby informationcontentconsiderationsghannekelection.

In section2, the experimentaframenork of the studyaswell asthe optimaltechniqudeadingto the“constant”
channelselectionmethodare briefly described.The efficiency of the NESDISNRT channelselectionis then
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comparedo the “constant” selectionin termsof informationcontentandlinear LDVAR performancédsection
3). Therohustnesof the resultsto the differentinputsto the channelselectionis thenevaluated. Section4

addressethe problemof representatenessof the training datasetusedfor the “constant” channelselection.
The sensitvity of the resultsto the specificationof the backgrounderror covariancematrix is describedn

section5. Conclusionsarediscussedh sectionb.

2 Experimental framework

The generalframeavork of this channelselectionstudy is linear optimal estimationtheoryin the context of
NWP. We follow theframework presentectlengthby Rabieretal. (2002)from whichwe summarizeéhemain
elementsThe atmospherigrofile in temperaturehumidity, ozoneandsurfacetemperatureta givenlocation
is representedby a vectorx andthe satelliteobserationsby a vectory. The obserationsarelinked to the
atmosphericstateby anobseration operatorrepresentingheradiative transferequation:

y:,'}'[(X)—l-So—I-SF QD

wherethe measuremerdndthe forward modelerrorseg ander areeachassumedo be gaussiamoiseswith

error covariancematricesO andF. We denoteR = O + F theresultingobsenration error covariancematrix.

The backgroundstatevector xy, hasan associateaerror covariancematrix denotedB. The radiative transfer
equationis assumedo be weakly non-lineay makingthe tangentinearassumptiorvalid in thevicinity of the
backgroundstate: # (x) = H(xp) + H(x — Xp) whereH is the tangentinear modelof the radiatve transfer
model 4.

Rabieretal. (2002)usetwo additionalconceptintroducedby Rodgerq2000): the Entropy ReductionER =
—% log, det(AB~1)) andthe Degreesof Freedomfor Signal (DFS= Tr(I — AB~1), whereA representshe
analysiserror covariancematrix. Let A represeneigevaluesof AB~1 (asmall\ correspondingo a direction
wherethe measurementsave reduceda lot theanalysiserrorvariance).t canbe shavn that:

DFS=n- z A 2)
Aeo(AB-1)
ER= 1 log, A 3
= —5)\ z . 00, (3)
€o(AB1)

wheren representshetotal numberof degreesof freedomof theanalysisproblem.

Both conceptsarevery usefulin thatthey quantify the gainin informationbroughtby the obserationswith
respecto thebackgroundnformation(thelargerthe ER or the DFSthebetter).

In this study the radiative transfermodelfor AIRS (RTAIRS) describedby Matricardiet al. (2001)hasbeen
usedfor #/. Thismodelusesafixedverticaldiscretizatiorwith 43 pressurdevels(seeMatricardiandSaunders,
1999). The B matrix hasbeeninterpolatedrom the current(2002)operationab0-level ECMWF background
errorcovariancematrixrepresentinghortrangeforecaserrorsof the ECMWF model. Thesurfacetemperature
backgrounderror standarddeviation hasbeenincluded (1.04K correspondingo an inflation of 0.5 to the
lowestmodelleveltemperaturdackgrounderror variance)in the B matrix anda correlationwith the lowest
tropospheridevel hasbeenadded(it is assumedhatthe vertical correlationbetweenthe surfaceandthefirst
modellevel is identicalto the correlationbetweenthatlevel andthe oneabove). The covariancematrix R has
beenderivedfrom thelatestestimationof the AIRS instrumentoise(Hannon pers.comm.).
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2.1 Channelselection

Theiterative methodfor channekelectionproposedy Rodgerg1996)andusedn Rabieretal. (2002),entails
performingsuccessie analyseseachoneusingonly oneextra channelat a time. Theresultinganalysiserror
covariancematrixis updatedhccordinglyandusedatthenext iterative step. Thisensureshatall theinformation
comingfrom previouschannelgs takeninto accounfor theselectiorof thenew channel. Thechannekelection
in our caseis basedon maximizingthe ER (andis therefore“optimal” in thatsense) It hasbeenverified that
thechannekelectionrdoesnotchangdf oneconsidergshe DFSasthechoicecriterionfor the channekelection.

In this study the backgroundields andthe AIRS datahave beensimulatedfrom a setof representate at-
mosphericsituations. This setis part of the ECMWF atmospheriadlatabase(Chevallier, 1999andChevallier
etal., 2000)andforms a setof 108 profilesof temperaturehumidity, ozone,surfacetemperaturandsurface
pressurecovering mostof atmospheriozariability. All atmosphericscenesareassumedo be cloud-free,over
seaandfor nadirviews. The 108 profilesaredividedinto 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 consideredhat 324 channelswill be availablein the NESDIS NRT selection.
Sincesomechannelf theoriginal 2378areknown to beof poorerquality, they areexcludedfrom the optimal
selection Applying this check thetotal numberof AIRS channelds reducedrom 2378to 2140.

As pointedout by Rabieretal. (2002),this methodif appliedbluntly (oneoptimalchannekelectionperatmo-
sphericprofile) canbevery CPUtime consumingandwould certainlybeimpossibleto applyin anoperational
contt. Therefore,asin Rabieret al. (2002),a “constant”channelselectionhasbeencomputedasan aver
ageof the 108 differentoptimal channelselectionsandis usedhereasa benchmarkfor the validationof the
NESDISNRT selection.

Differentcriteria canbe usedto comparehe quality of the differentchannelselections.Onecanfor example
investigatetheinformationcontentof AB ! representedly its eigevaluesthatprovide the numberof indepen-
dentpiecesof informationbroughtby theobsenations.As alreadymentionedDFSandER areotherquantities
thatgive a globalmeasuref thereductionof uncertaintybroughtby the analysis.

2.2 Linear 1D-Var

Besideghequality criteriadescribedibore, theefficiengy of eachchannekelectiorhasbeenevaluatedn terms
of linear1D-Var. Thelinear1D-Varis briefly describedn thefollowing.

Theoptimalanalysedtatex, is givenby xa = Xp+ K (y —yp) With K = AH TRtandA = (B~ +HTR™1H)"L.
K is the Kalmangain matrix andA is the analysiserror covariancematrix introducedabove. The parameter
spacds the temperaturehumidity andozoneprofile definedon the 43 RTAIRS pressurdevels (Matricardi et
al., 2001)andthe surfacetemperature|A|| is usuallyusedasa criterion for quality of 1D-Var retrieval (the
smallerthebetter).

3 ComparisonbetweenNESDIS NRT and “constant” channelselections

The”constant’channekelectionis anaverageselectiorbasedn the setof 108individual optimalchanneke-
lections.In factonly 63 channelsrealwaysselectedhroughthe 108 channekelectiongcorrespondingo very
differentatmospherisituations) whereasl 504 channelsarenever selected.The resulting“constant”channel
selectionsharesonly 119 channelswith the NESDIS NRT selection. Figure 1 displaysthe AIRS spectrum

TechnicalMemoranduniNo. 390 3
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Figure 1: Typical spectrumof AIRSsuperimposeat the top of the figure by the location of the channelschosenby the
NESDISNRTselection(stars) and picked by the “constant” channelselection.SeeTable belowfor the descriptionof the
letters correspondingo differentspectal bands.

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

correspondingo a midlatitudeprofile togethemwith the location(at thetop of thefigure) of the NESDISNRT
(stars)and“constant’selecteahannelgcircles). Thedifferentspectrabandsarelabelledby lettersto facilitate
thediscussion At first sight,the NESDISNRT channelselectionspanghe IR spectrummoreevenly thanthe
"constant” channelselectionwhich privileges specificsmall spectraldomains. This choicefor the NESDIS
NRT selectionis obviously aimingatrepresentingsuniformly aspossiblehewhole AIRS spectrum.Thefact
thatonly 119 out of 324 channelsarecommonlyselectedbhetweenthe two approachesould seemworrying.
However, ascanbeseerfrom Fig. 1, largespectrabreasarecoveredby bothsets(longwave CO2,0zone water
vapour...) andobviously "constant”’andNESDISNRT have selectedcheighbouringvavenumbers.

A closerlook to both selectionsndicatesthat 53% of NESDISNRT channelsarelocatedin bandsA andB
againt36% of the “constant” channelswhile 40% of this latter setare chosenin bandC. BandD is hardly
coveredby the “constant” channelselection,whereasboth NESDIS NRT and “constant” selectedchannels
describeavenly bandE. BandB is alsowell capturedoy thetwo selections.The studyof the Jacobian®f the
associatedelectecchannelsn bothselectionsndicatesanoverrepresentatioaf the upperstratospher (bands
A andE) in the “constant” selection. This overrepresentationf the upperstratosphereanbe explainedby
thelargetemperaturdackgrounderrorvariancesat thesdevels. Thereis alsoa dominatingchoicefor bandC
(watervapour)in the “constant”channelselectionmostlikely driven by the vertical structureof the humidity
backgrounderror covariancematrix. Corversely NESDIS NRT selectionhasa large numberof channels
peakingin thelow troposphereorrespondindgo bandsA andF.

Figure2 andTah 1 shav thatthe ER andDFSareslightly smallerfor the NESDISNRT selectionthanfor the
“constant”selection.Thenumberof independenpiecesof informationbroughtby the 324 channelgasdefined
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Figure 2: Evolutionof the Degreeof Freedonof Signalandthe Entropy Reductiorfor the “constant” channelselection
with respecto the numberof selectedchannels,averaged over the 108 profiles. The correspondingvaluesof DFS and
ERfor the NESDISNRTchannelsetis alsoappended.

Table 1: Valuesof DFS (Degreesof Freedonof Signal),ER (Entropy Reductionand meannumberof Eigernvalues(EV -
asdefinedin Thépautand Moll 1990and Rabieretal. 2002)for 'NESDISNRT’, 'constant’,’all channels’and’HIRS-
like’ selections.All channels’correspondgo the experimentwhen2140channelsare used.’HIRS-like’ correspondgo
theexperimentwhen15 AIRSchannelsclosesto the currentchannelsof the High resolutioninfrared RadiationSounder
(HIRS)are used.

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 the sectionabore) is alsosmaller(25.2against28.8)in the caseof NESDISNRT selection.However, both
selectiongyreatlyimprove the DFS, ER andthe numberof eigevaluescomparedo the useof the 15 channels
correspondingo the currentHIRS instrument(seeTah 1).

We have examinedthe standarddeviationsof backgrounderrorandof linear 1D-Var analysiserrorfor temper

ature,humidity andozoneprofilesaswell asfor surfacetemperatureaveragedover the 108 profiles(Fig. 3).

Both NESDISNRT and“constant”selection®utperformthe “HIRS-like” setin termsof analysiserrorreduc-
tion, andthis for temperaturehumidity andozone. NESDISNRT and“constant” selectiongrovide similar
temperaturaetrieval errorsin the lower tropospherewhile the “constant” selectionproducesanalysiserrors
generallysmallerthan2 K in theuppertropospherandin the stratosphergersus2.5K or morewith NESDIS
NRT selection.Otherwisebothselectiongrovide similar humidity andozoneanalysiserrors.

For surfacetemperaturethe analysiserror standarddeviation is decreasetio 0.05K for both selectiongo be
comparedvith 1.04Kfor thebackgrouncind0.3K for the“HIRS-like” channeket. Thisresultshouldbetaken
with greatcaresincethevery smallanalysiserroris explainedby the somevhat“empirical” valuespecifiedfor
thesuriacetemperaturdackgrouncerror This quantityis poorly known in NWP modelsasis the background
errorvertical correlationbetweersurfacetemperatur@ndlowestmodellevel temperature.

TechnicalMemoranduniNo. 390 5
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Figure 3: 1D-Var averaged (over 108 profiles) error standad deviation, for tempeature (top left in log scaleand top
right in linear scale),humidity (bottomleft) and ozone(bottomright). Experimennamesasexplainedin table 1.

Comparisonsvith “all channels'retrieval errors(Fig. 3) provide someguidanceaboutthe lossof information
entailedby thetwo channekelectiondested.Theuseof all channeldeadsto afurtherreductionof temperature
analysiserrorof about0.1K in thetropospherandroughlyof 0.2K in thestratosphereTheimpraovementin the
humidity analysiss very importantin thelower tropospheravhenall the channelsareusedin theassimilation.
Likewise,theozoneretrieval erroris substantialljdecreasedhenthe2140channelsareused.Thefurthergain
in ERandin DFSis 18.2and3.75respectrely whenall thechannelsareusedin theanalysigTah 1).

We concludethat even thougha loss of information contentis to be expectedby using aroundone tenth of
thetotal numberof AIRS channelsthe NESDISNRT selectionseemgeasonabléor NWP applications Even
thoughthe information contentis slightly smallerthanfor the “constant” selection,the respectre quality of
NESDISNRT and“constant”selectiongs very comparabléen termsof linear 1D-Var retrieval errorfor all re-
trieved parametersThis shavs thatdespitea differentchoiceof channelgonly 119out of 324arein common),
thespectrabandgandthereforetheatmospheridayers)aresuficiently similarly coveredby thetwo selections
to provide equivalentperformance.
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Table 2: Valuesof dfs (Degreesof Freedomof Signal), ER (Entropy Reductionyand meannumberEigernvalues(EV) for
thedifferentchannelselectiorwith respecto 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

* Constant

o Mid-latitude constant
x Polar constant

a Tropical constant
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Figure 4: Typical spectrumof AIRSand location of the channelsselectedby the “constant” methodaveraged over all
profiles(“constant”) andover differentairmassprofile classeg“mid-latitude constant”,“polar constant”and“tr opical
constant”). SeeTable of Fig. 1 for thedescriptionof theletter correspondingo spectal bands

In thefollowing sectionsthe robustnes®f theresultsto variousinputsto the channekelectionis assessed.

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

In this section,we investigatethe robustnesf the differentchannekelectiongo the airmassunderconsider
ation. Two questionsareconsideredl) Is the NESDISNRT selectionrobustto the atmospheri@airmasge. g.

polar mid-latitude tropical)?2) Whathappendo the“constant’selectionf it is basedon a givenairmassand
appliedto a very differentone?

4.1 Variation of the channelselectionwith respectto the airmasstype

Threeairmasslassedave beendefined:the mid-latitudeairmassclassconsistof 75 profiles,thetropicalone
consistsof 14 profilesandthelast 19 profilesrepresenthe polartype. Figure4 displaysthe spectrallocation
of thedifferent“constant”’channekelectiondailoredto thethreedifferentairmasslassegi.e. theaveragehas
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Figure 5: 1D-Var tempeature (top panels) humidity(left-handbottompanel)and ozone(right-handbottompanel)error
standad deviation averaged over the tropical airmasstype (14 profiles). Errors are representedor “Background” ,
“NesdisNRT", “Tropical constant”and“Polar constant”channelselections

beenperformedon therepresentate profilesof eachairmasgsype).

The“constant”channekelection(averagedoverthewhole datasetshares319 channelswvith the “mid-latitude
constant’selection 288 channelswith the “tropical constant’selectionand 254 channelswith the “polar con-
stant”selection.The“polar constant’and“tropical constant”selectionshareonly 226 channelsin particular

the“polar constant’selectiondoesnot pick arny channein theright partof thebandA (12.5um) in contrasto

the “tropical constant’selection but favoursthe purewindow (10.5um). In fact, whenthe selectionis based
ontropicalprofilesthe 12.5um region actsasa watervapourbandandchannelsreselectedn thisareadueto

large specifiedhumidity backgrounderrors,whereagshe humidity signalis weakin this spectralregion when
dealingwith very dry polarprofileswhich favour a selectionin a cleanemwindow region andin bandC ( 6 um

watervapourband).As expectedthe global “constant”selectionis dominatecby a mid-latitudesignaldueto

aratherpoorrepresentationf polarandtropicalairmassn the samplingdataset.

The outcomeof the various 1D-VAR experimentsusing the different channelselectioncombinations(not

8 TechnicalMemoranduniNo. 390
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0

shavn) canbe summarisedsfollows:

e For temperatureNESDIS NRT and the different “constant” selectionsprovide similar resultsfor all
airmasgypes.

o For humidity, NESDIS NRT gives similar performanceas “mid-latitude constant”and “tropical con-
stant”. “Polar constant’channelselectionprovidesslightly betterresultsthanNESDISNRT belov 400
hPafor the polarairmasslass,in agreementith amoremassve selectionn bandC (157 channeldor
“polar constant’versus6l for NESDISNRT).

e For ozonetheselectiongjive similar resultswith the exceptionof thetropicalairmasswherethe “trop-
ical constant’selectionprovidesslightly smalleranalysiserrorsthanNESDISNRT.

Altogether the NESDISNRT selectionseemdo befairly insensitie to the airmasscatayory, thusconfirming
thequality of careful“manual” choiceof thesechannelgperformedby the AIRS ScienceTeam.

4.2 Importance of the training datasetfor the quality of the channelselection

It hasbeenshavn above that the channelselectioncan vary dependingon the airmasstype the selectionis
trainedwith. To documenfurtherthisissue we illustrateheretheimpactof performinga 1D-Var analysisfor
certainatmosphericsituationusing a channelselectionbasedon a completelydifferentatmospheridraining
dataset.

Figure5 displaysthe 1D-Var performanceof the NESDIS NRT, the “tropical constant’and“polar constant”
selectionsaveragedover the 14 tropical profilesavailablein our dataset.One canclearly seethe degradation
in humidity belov 700 hPa of the “polar constant’selectiondueto a poor samplingof the tropospheriavater
vapourchannels.Onealsonotea loss of around0.5 unit in term of DFS and2.39 unit in term of ER. This
indicatesclearly the importanceof an exhaustve training dataseif one plansto replacethe day-1 NESDIS
NRT selectionby a more optimal methodin the nearfuture. It is of particularimportanceto captureall the
weathemregimesfor highly variablequantitiessuchasspecifichumidity.

5 Robustnessof the selectionto the specificationof the background error co-
variance matrix

The currentbackgrouncderror covariancematrix usedat ECMWF only providesa climatology of short-range
forecasterrors. On the otherhand,previous informationcontentstudies suchasthoseof Prunetet al. (1998)
andCollard (1998),have suggestedhatadwancedsoundersuchasAIRS andIASI couldresole in clearair
someof thesmallscalebaroclinicstructureshathave beenidentifiedby sensitvity studiegKlinkeretal., 1998)
asbeingcrucialto forecaskerrordevelopment.lt is thereforamportantto assestheability of theNESDISNRT
selectionto “obsene” suchimportantatmospheripatterns.

Onemonthof “key analysiserrors” (asdescribedn Klinker et al., 1998) hasbeencomputedat a resolution
of T159 (120 km): these“errors” represenperturbationghat, if addedto the ECMWF operationalanalysis,
reducethe48hourforecaserror(definedastheglobaldifferencebetweerthe48hourforecastindtheverifying
analysis).Up to now, humidity perturbations@renot consideredn the sensitvity computationsthereforeonly
temperaturés includedin thesensitvity studydescribedere.Thesestructuresregenerallyof smallamplitude
(meaninghatasmallatmospheriperturbationin thisareacanhave avery largeimpacton theforecasiuality)
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Figure 6: 1D-Var tempeature error standad-deviationaveragedover 108 profiles(left panelin log scaleandright panel
in linear scale), for variouschannelselections.K ey analysiserror’ correspondgo thestandad deviation of key analysis
error. 'NesdisNRT’ and 'constant-sensitivitycorrespondto 1D-Var analysiserrors for NESDISNRT and “constant”

selectionusingthe “k ey analysis” asbadkgorunderror.

andcanbefairly sharpbothin the horizontalandin the vertical. The associatedovariancematrix (averaged
overonemonth)is sharpeiin the verticalandhorizontalthanthe operationabackgroundtovarianceerror(not
shavn). In addition,ascanbe seenfrom Fig. 6, the error standarddeviationsare proportionallylarge in the
tropospherandin the high stratosphere.

The optimal selectioncomputedwith the operationatemperaturdackgrounderror covariancematrix (“con-

stant”)and“key analysiserror” covariancematrix (“constant-sensitity”) shareonly 138 channels.The main

differencesappeaiin bandsB, D andF wherechannelsaresolely selectedby the “constant”methodusingthe

operationabackgrounderror “Constant-sensitity” selectamorechannelsn bandC (watervapour),channels
obviously having somesensitvity to temperatureaswell andlocatedin layerswherethe temperaturéack-
grounderrorvarianceis proportionallylarge. Similarly, morechannelsarealsoselectedn bandE.

ThelD-Vartemperaturerrorstandardieviationis shavn onFig. 6 for NESDISNRT and“constant-sensitity”

selectionstogethermwith the “key analysiserror” standarddeviation. The two selectionsshareonly 67 chan-
nels. Eventhoughthe superiorityof the “constant-sensitity” channekelectionis clearin thetropospherand
high stratospherd ESDISNRT selectiorstill manageso substantiallyeduceheoriginal“k ey analysiserror”

variancen thetroposphere.

This only gives a flavour of the efficiengy of the NESDIS NRT channelselectionto cope with sensitvity
perturbationssinceit is now well recognisedhatthesesensitve areasaregenerallyaffectedby cloudsthatwill
badly affect the performanceof the AIRS instrumentaltogether(McNally, 2002, Fourrié and Rabier 2002).
Ourresultimpliesthatif thesestructuresxist in reality andhave somesignaturen clearsky areasthecurrent
NESDISNRT selections ableto obsere them.
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6 Conclusions

The NESDISNRT AIRS channekelectiorto beprovidedto the operationalveathercentreshasbeenassessed
throughcomparisorwith a “constant”selectiondeducedrom anoptimaliterative methodfollowing Rodgers
(1996). NESDIS NRT and “constant” channelselectionsare somevhat different, only 119 channelsout of
324 areindeedidentical betweerthe two selections.However, both selectedchannelspansuficiently close
spectrakregionsandleadto similar resultsin termsof DFS or ER, andalsoin termsof temperaturehumidity,
ozoneandsurfacetemperaturdinear 1D-Var analysiserrors.

Theimpactof theairmasson the channekelectiorhasthenbeenstudied. The outcomeis thata poorly trained
optimalchannekelectiorcanperformbadlyespeciallyfor humidity. Ontheotherhand NESDISNRT selection
seemgo capturesatishctorily mostof the variability of differentatmospherisituations.

Theimpactof the backgrounderror covariancematrix hasbeenassessedA covariancematrix representate
of key analysiserrorsfelt crucial for the quality of the short rangeforecastshasbeenusedto validatethe
robustnesof the NESDISNRT selection.lt wasshavn thatunderthose“extreme” conditions NESDISNRT
performsagainreasonablyvell ascomparedo a dedicatecchannekelection.

All the experimentsshav that despitethe overall slightly smallerinformation contentof the NESDIS NRT
versusoptimally derived channelselectionsthis selectionseemsvery reasonabldor NWP applicationsand
appearso be robust. This gives someconfidenceaboutthe day-1 stratgy which will usethe NESDISNRT
selection.
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