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1D+4D-Var Assimilationof PrecipitationAffectedMicrowave Radiances4D-Var cECMWF

Abstract

This paperpresentghe operationalimplementatiornof a 1D+4D-Var assimilationsystemof rain affected
satelliteobsenationsat ECMWE Thefirst partdescribeshe methodologyandperformancenalysisof the
1D-Var retrieval schemen cloudsandprecipitationthat usesSSM/I microwave radianceobsenationsfor
the estimationof total columnwatervapour(TCWV). This partdescribeghe technicalimplementatiorof
the TCWV obsenationsin 4D-Var aswell astheimpactanalysis.

Theeffectof the TCWV obsenationsimplied by precipitationonthe 4D-Var analysess significantandthe
total informationcontentis comparabldo thatof SSM/I, HIRS andAMSU-B radiancesRegionswith sys-
tematicdrying in the analysispersistthroughouthe forecastwhile moisteningis removedby precipitation
after1-2 days.Thecorrespondinglivergenceincrementseflectthefeedbackbetweemmoistureanddynam-
ics. Forecaskvaluationusingmodelanalysesxhibits mostly positive relative humidity forecastscoresjn
particularat 700 hPaandin the Tropics. Someshort-termnegative forecastscoresareobseredfor geopo-
tentialnear1000hPa andin the Southerrhemispherdetweerdays2-4. Wind scoresvary greatlybetween
regions anddifferentforecastiengths. Tropical cyclonetracking forecastsare only slightly affectedby a
reducedocationerrorspreadhroughtherain assimilation.Comparisorio dropsondebsenationsof wind
andtemperatureshovs improvementasdoesTCWYV analysisvalidationagainstindependenbbsenations
from Jasonradiometerdata. The systemhasbeenimplementedoperationallyin June2005and will be
furtherdevelopedtowardsa direct4D-Var assimilationof radiancesn cloudsandprecipitation.

1 Intr oduction

The assimilationof datarelatingto precipitationimposesseveral new challengeon a numericalweatherpre-
diction (NWP) system. The solutionapproachdependsn seseral factors,particularly on whetherthe NWP

systemis usedfor processtudiesor for operationapurposesThemainchallengeor avariationalassimilation
systemis the factthatmoistphysicalprocessemustbe accountedor in the minimizationandthatthe corre-
spondingmodelparameterizationarelikely to be non-linearand potentially discontinuous .Most global and
operationakystemgrely on incrementaformulationsof variationaldataassimilationbecauset producegshe
besttrade-of betweercomputationakfficiengy andan objective, threeor four-dimensional physicallyconsis-
tentsystem(Courtieretal. 1994). Theincrementabpproactassumetinearmodelbehaiour in thevicinity of

the short-rangdorecaststatethatrepresentshe backgroundonstraintin the analysis.The non-linearphysics
thereforerepresentainapparentontradictionto this assumption.

This contradictionhasmotivatedseveral studiesin the pastthatinvestigatehe minimizationperformanceem-
ploying more or lessregularizedversionsof moist physicsparameterizatioschemegVukicevic and Errico
1993,Errico andRaeder1999). Corvectionparameterizationasemplo/edin globalmodelswereeasilyiden-
tified asthe major sourceof non-linearitiesanddiscontinuities.Zupanskiand Mesinger(1995) demonstrated
the importanceof regular physicsparameterizations) the minimization but alsothe importanceof accurate
non-linearmodelsin the forward integrations(modeltrajectoryin four-dimensionalariationalassimilation,
4D-Var). Theaccurag of non-lineamodelsusedin theintegrationandtheir consisteng with linearizedmodel
versionsusedin the minimizationmay thereforeproducea conflict.

Non-incrementabariationalassimilationsystemsanonly be operatednindividual casegor experimentation
purpose®r, in aglobaloperationaframeavork, with lessspatialresolutionthancurrentlyachiezablewith incre-
mentalsystemsOnly few studiesexist thatpermitgenerakonclusion®nsystemdesigrnthatarenotneutralized
by oversimplificationsof otherfundamentaproblemsthathadto be madefor successfuexperimentation.n
mary casesthe resultsare strongly driven by the definition of casestudies,obsenration errors,assimilation
window lengthandcostfunction (Zou andKuo 1996, Tsuyuki 1997, Xiao andZou 2000)and noneof these
framavorksgeneralizdo a potentialoperationaket-up.
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Otherissuesarerelatedto formal requirement®of the variationalformulation suchasunbiasedobserations
with well definedandGaussian-shapestrorstatisticsaswell asaccurateandregularizedobserationoperators
thattranslatebetweemmodelandobsenration spacgErrico etal. 2000). Someof theseissuesarelessapparent
in physicaladjustmentandnudgingschemege.g. Krishnamurtiand Bedi 1996), however, thesewill not be
considerederebecausehey arenotrelevantto thedataassimilationsystemthatis implementecat ECMWEF,

Operationakystemshave to be numericallystableand computationallyefficient. This requirementiswell as
thelack of accuratgprocessunderstandingeriouslylimit the choiceof the emplgyed obserationsandmodels
(obsenration operators).The potentialexcitation of gravity waveshasalsobeenrecognizedy severalauthors
(Tsuyuki1997,Fillion 2002).However, it hasbheendemonstratethatconserative useof rainfall obserations
in regionalandglobalmodellingsystemss possible(MarécalandMahfouf 2000,MarécalandMahfouf 2002,
Tsuyukietal. 2003, Treadonet al. 2003). In thesesystemsdatascreenings an efficient way of ensuring
linearity andavoiding excessi¥e small-scalenodelperturbationghatmay causegravity waves.

Anotherimportantdevelopmentwasthe choiceof microvave radiancesasobserationsinsteadof rain rates.
Differencesbetweenobsered and modelledradiancesare more Gaussian-shapeand less biasedthan dif-
ferencesbetweenobsered and modelledrain rates. The gradientof the combinedmoist physics- radiatve
transferobsenation operatoris alwaysnon-zerdor radianceperturbationgvenin theabsencef rain because
radiancesare also sensitve to modificationsof temperaturemoistureand surfacestate. The gradientof the
moistphysicsparameterizationsiowever, is alwayszeroif thefirst-guesgsainis zero(Moreauetal. 2002).

Baueret al. (2006a)shaved that the largestcontritution to the operators non-linearity originatesfrom the
moistphysicsparameterizationghaterrorsmay be characterizedealisticallyandthatbiasesarerathersmall.
Multiple-scatteringradiative transfercodesare computationallyefficient and accurate andtangent-lineaand
adjointversionsare available (Baueret al. 2006b). Here,obserationsfrom the SpecialSensomMicrowave /
Imager(SSM/I) werechoserbecauséhey areoperationallyavailableto the NWP communitysince1987and
have beenprovento be very stableandaccurate.

A two-stageapproachj.e. a 1D-Var retrieval of anintermediateépseudo-obsention from radianceobser
vationsbeforeassimilatingit in 4D-Var, wasoperationallyimplementecat ECMWEF. This methodhasseveral
advantages.Firstly, a potentially non-linearobsenration operatorcanonly be appliedin an incrementalas-
similationto avery limited extentvia additionalouterloop updateof the modelstate. Thenon-linearlD-Var,
however, updateshemodelstateduringminimizationandmaythereforebettercopewith non-linearitiesThese
mainly occurfor moreintenseandcorvective precipitation(Baueret al. 2006a). Secondlythe two-stageap-
proachfacilitatesquality control becauseahe outputand performanceof the 1D-Var retrieval canbe usedto
screerout databeforethey affect the 4D-Var analysis.Marécaland Mahfouf (2000,2002) have successfully
demonstratedhe benefitsof suchmethodfor rain rate obserations. It hasalso proven to be successfuin
the framework of earlyimplementation®f clearsky radianceassimilationin the past(e.g. Eyreetal. 1993,
Phallippoul996).

The secondpart of this paperbuilds uponthe 1D-Var retrieval productthatis the total columnwatervapour
(TCWV) retrieval in the presencef cloudsandprecipitation.Thetechnicaimplementatiorrelatedio obsena-
tion operatorsassumptionsn errorsandquality controlaredescribedn thefirst part(Baueretal. 2006a).In
Section2, thepaperdescribeshecharacterizatioof TCWV obsenationstatistican theglobal4D-Varanalysis
andthedefinitionof backgroundandobsenationerrors.Botharelinkedto the availablechoicesof obseration
gquantities(TCWV) andcontrol variables(normalizedrelative humidity) in the ECMWF systemon 28 June
2005. The globalimpactof TCWV obserationson the analysisis illustratedin Section3 by anillustration
of the systematianodificationof moisture,precipitationand divergenceandby a calculationexampleof the
relative contritution of TCWYV obsenrationsto thetotal obserationinformationcontent. Theimpacton model
forecastds presentedn Section4 aswell asthe forecastevaluationagainstmodelanalysesandindependent
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obsenrationsover severalmonthsof experimentationThe paperis concludedoy a discussiorin Section5.

2 Implementation

2.1 Computing

Currently all calculationsarecarriedoutonanIBM p690Paowver4+clusterat ECMWEFE. Eachof the processors
hasa 1.9 GHzclockrate. Themodelfieldsrequiredin thedataassimilatiorsystemarecurrentlyinterpolatedo
obsenrationlocationsandthe obseration operatorareappliedto theinterpolatedields. Sincethe obsenration
operatoithatis appliedin therain assimilationis very complex andrequiresmary moreparameterghanavail-
ablethroughthe existing route, the 1D-Var rain assimilationcalculationsare carriedout in grid-point space.
This ensureghatall fieldsthatare outputfrom the modelphysicscanbe useddirectly. This developmentalso
pavestheway for the directassimilationof cloudandrain affectedradiancesn 4D-Var.

For eachmodeltimestep(currently12 minutes)the grid-pointnearesto eachSSM/I obsenrationis matchedo
theobsenation. Thisis donewithin afixedsearclhradiusof the obserationand,if nogridpointis foundin this
radius,the obserationis not used. Grid-pointsarematchedwith only oneobsenation andareremoved from
thesearchoncea matchhasbeenfound. This searchthasbeencodedsuchthatthe matchingof obserationsto
grid-pointsis identicalif the numberof processorss changed.

Sincethe distribution of the SSM/I obsenrationsis not homogeneousver the grid-point spaceg(causedyy the

applicationoverocean®nly) thereis asevereloadimbalanceof therain assimilationwork betweerthe proces-
sors,whoseworkloaddistribution usesa geographicatiecomposition.This hasbeenresohed by determining
how muchwork eachprocessomill have to do at eachtimestepfrom the numberof obseration/grid-point

matches.Thoseprocessorsvhich haze muchwork to do passwork to processorshat otherwisewould have

little or nowork to do usingmessag@assing.This load-balancindnasreducedhetime consumedor therain

assimilatiorby afactorof 3-4for aT, 799L91 run (spectramodeltruncationatwavenumbei799and91 model
layers).A full runof 4D-VaratT, 799191 takesabout80 minuteson 796 processorsf the|IBM p690+cluster
at ECMWEF. The 1D-Var rain assimilationcostsabout12% of the time for the 4D-Var whena 10 km search
radiusis used.Thenumberof obserationsfor 10, 7.5,and5 km searchradii is 62,000,47,000,32,000andthe

computationatostis 9, 6, and4 minutes respectrely.

2.2 Error definition
2.2.1 (i) Observatiorerrors

As in the caseof radiancegBaueret al. 2006a) the determinatiorof TCWV obsenration errorsis not straight-
forward. The pseudo-obseation valuesof TCWV originatefrom the 1D-Var retrievals and thereforethe
obsenrationerrorscorrespondo the 1D-Varretrieval errors.This depend®nthebackgrounderrorassumedor
the 1D-Var controlvector (temperaturendspecifichumidity), the obseration error definedfor the radiances
andtheaccurayg of the obseration operator

An indirectmethodalreadyappliedby Baueretal. (2006a)for the estimationof theradianceobserationerrors
is the one proposedby Hollingsworth and Lonnbeg (1986). This approachis basedon the assumptiorthat
the obseration error canbe deducedrom the spatialcovarianceof first-guessieparturesge ;. This method
assumethatthefirst-guessleparturesanbecalculatedvith datafrom anobserationalnetwork thatis densely
populatedand whoseneighboringobserations are spatially uncorrelated. If the covariancesare composed
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of obseration, g, andbackgrounderror, og, contritutions, the covarianceswith separatiordistanced > 0

only containa backgroundermwhile atd = 0 the covariancesare 62 = 02 + 02. Assumingthat o is the

sameatd = 0 andfor very small spatialoffsets,o2 canthenbe obtainedfrom the extrapolationof the spatial
covariancecurve from d > 0 to d = 0. However, in the caseof TCWYV error estimation,the Hollingsworth-

Lonnbeg methodis lessappropriatdbecausehe TCWV 'obsenations’ arenot true obserationsbut originate
from 1D-Varretrievalswhichwereconstrainealreadywith thefirst-guessTCWV. Thereforebothbackground
and’obsenations’ containTCWYV informationthatis alsospatiallycorrelated.

For thelinearcaseandfor anerrorfree operatorthe 1D-Varanalysiserrorcovariancematrix, A, canbedirectly
derivedasthe covarianceof the maximumapogeriori solutionto theinverseproblem:

At=B1+H'RH (1)

with backgrounderrorcovariancematrix B, obserationplusmodellingerrorcovariancematrix R, andJacobian
matrix of theobserationoperatoH (e.g. Rodger2000). Theproblemof non-linearitymayentertheinversion
throughthe apriori information by a non-Gaussiamprobability distribution function and/orthe obseration

operator The former issuewas shavn to be lesscritical by Baueret al. (2006a)in that for the lower three
SSM/I channelsthe first-guessadiancedeparturedistributions have Gaussiarshapesandexhibit very small

andcorrectabldiases.Thelinearity of theobsenration operator here themoistphysicsparameterizationand

the multiple-scatteringadiative transfermodel- is ensuredor the majority of the caseswith largerdeviations

from linearity occurringfor strongercorvection and deepercloud systems. This suggestghat it is worth

evaluatingEg. (1) dueto the lack of othererror estimationoptions. The Jacobiarmatrix is derived usingthe

adjoint of the obsenation operatorbecausdhe dimensionof the obseration vectoris 7 (numberof SSM/I

channelsxomparedo the dimension120 (60 modellevelsfor temperatur@ndspecifichumidity) of the state
vector Theerrorstandarddeviation of TCWYV is thencalculatedrom:

1/2

1
OaTowv = 9 (Ap"Alp) (2)

with the vector of pressurdifferencesbetweenadjacentlayer interfaces,Ap. Figure 1 shaws the resulting
scattemplotfrom 198,114caseproducedvith four 12-hour4dD-Varanalyse®n Septembet-2,2004.Figurela
shaws the realizationof Eq. (1-2) asdots. For comparisonthe averageHollingsworth-Lonnbeg valuesper
TCWV intenal areoverplottedassolidlines. Thefirst conclusions thatEqg. (1) producedargererrorestimates
thanthosefrom the Hollingsworth-Lonnbeg methodeven thoughthe error gradientwith TCWV is similar.
Secondlytherearetwo regimesof errorswhich mayroughly be approximatedy linearfits with an offset of
1kgm~2 andslopesthat differ by a factorof two. Eachregime is definedby the magnitudeof H becauseR
is constant. If the ratio betweeno, and oy is displayed(Fig. 1b) the sametwo regimesareidentified. The
reductionof 1D-Var analysiserrorswith respecto backgrounderrorsis foundto be betweera factorof 1/1.8
andafactorof 1/3. Thebulk of situationshowever, belongsto the samplewith largerimprovements.

It wasinvestigatedvhetherthe error regime could be classifiedaccordingto the amountof TCWYV, the rain
amount,the activation of corvection, the radiancefirst-guessdeparturesthe TCWV or rain incrementsthe
1D-Var corvergenceor the linearity of H. Only a limited dependencen rain amountandactive corvection
could be identified, i.e., with more rain and more active corvectionin a larger numberof casesexhibited
errorsbelongingto theclasswith largererrors.However, no uniqueclassificatiorcriteriacould be definedand
thereforeno justificationfor the simplificationof the error calculationby curve-fitting (Marécaland Mahfouf
2002)in thecontet of theemplo/edobserationoperatorsvasfound. Thisrequiresanexplicit errorcalculation
with Eq. (1)-(2).
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Figure 1: Analysiserror standad deviation obtainedfrom Eg. (1)-(2) (dots) as a function of TCWVand meanerrors
obtainedfrom Hollingsworth-Lonnbeg method(a; horizontalbars). Ratio of analysisand badkgrounderror standad
deviations(b).

TechnicalMemoranduniNo. 488 5



cECMWF 1D+4D-Var Assimilationof PrecipitationAffectedMicrowave Radiances4D-Var

2.2.2 (i) Badkgrounderrors

Thespecificatiorof thebackgrouncderrorcovariancematrix (B-matrix) is animportantaspecof thevariational
analysissinceit is primarily throughthis matrix that the informationfrom obserationsis distributed in the
vertical. This appliesto both 1D-Var and4D-Var becausg¢he TCWV incrementdrom the 1D-Var retrieval are
vertically distributed accordingto the local backgrounderror covariancematrix. The definitionof B is based
onthe methodof the perturbedanalysisensemblalescribedn Zagaretal. (2005). Accordingto this method,
the analysisstateis statisticallyperturbedaccordingto their randomerror characteristicsThe resultingshort-
rangeforecastsarethenalso perturbedandtheir spreadis assumedo representhe randomerror associated
with the short-rangdorecasffields. In the mostrecentversionof the ECMWF model, this backgrounderror
correlationcalculationhasbeenmodified by addinga wavelet decompositiorfor introducingspatialinhomo-
geneity(Fisher2004). Althoughit would be desirableto useanidenticaldefinitionfor the 1D-Var, this would
be computationallywery expensve dueto thetechnicallimits imposedby the factthatthe 1D-Varis run atthe
forwardtrajectorylevel andnot at the analysislevel. Therefore the original correlationcalculationmethodis
appliedin the 1D-Var while the 4D-Var analysisemplg/s the waveletdecomposition.

Anotherimportantissueis whetherthe existing backgrounderror formulationrequiresa separatiorinto rain
affectedandclearsky error covariances.For this purpose the so-calledNMC-method(after National Mete-
orologicalCentey now NationalCentersor EnvironmentalPrediction,NCEP; Parrishand Derber1992)was
appliedusingthe operationaECMWF model. The methodassumeshat the meandifferenceshetweenfore-
castsof differentlengthsvalid for the sametarget dates,i.e., initialized with a delay are representate of
forecasterrorsand canthereforebe usedto quantify forecasterror covariancestatistics. The main adwantage
of the NMC-methodis thatthe forecastdor calculatingthe statisticsareavailablein the operationakrchives
andno separateand computationallyexpensve run of the forecastor the analysissystemis required. On the
otherhand, the computationalcostis the main dravback for ensemble-typenethods. The disadwantageof
the NMC-methodis thatit requiresforecastiengths(24-48hours)thatarelargerthanthoseof the short-range
forecastthatis usedasa backgroundn the analyse43-15hours).For our purposethis disadwantages not so
relevantbecaus¢he methodis only emplosedfor theinvestigationof forecasterror statisticansidevs. outside
precipitation.

The NMC-methodwasappliedusingthreemonths(DecembeR004- February2005)of 24-hourand48-hour
forecast®f specifichumidity, g, andtemperatureT, with the sametamgetdatesyespectiely. Therain- norain
distinctionwasobtainedfrom a 3-hourforecastof large-scaleand convective precipitationandby applyinga
minimumthresholdof 0.05mm/h. The statisticswerederived for specifichumidity, g, andtemperatureT, at
sevenpressurdevels. Theresultingmeanvertical correlationsbetweerg and T at 1000,500and200hPa with

the otherlevelsarepresentedn Fig. 2 for the entireglobe (Figs.2a, ¢, €) andthe Tropics(30S-30N,Figs. 2b,
d, f). The solid lines representll gridpointswhile the dashedines shav rainy gridpoints. For both g and
T, no substantiallifferencecanbe identified over eithertropical areasor the entire globe. Differentvertical
correlationpatternscould be expectedinside precipitationdueto the temperatureand moisturestructurethat
is modified by latent heatreleaseand evapouration. However, the existing formulation doesnot producea
significantprecipitationsignature Thereforethe operationaformulationof B wasappliedfor both 1D-Varand
4D-Var.

In Fig. 3. error standarddeviations are displayedin termsof relative humidity, ok, becausehis parameter
scaledby its variance,is usedas the moisturecontrol variableat ECMWF. Mean profiles from the NMC-

methodstatisticsare comparedwith the error standarddeviation formulationfrom Rabieret al. (1998)that
wasemplgyedin operationsThis formulationwasobtainedrom radiosonde-modelomparisonsndcontains
modelbackgroundemperatur@ndrelatve humidity aspredictors.A separateorrectionfor lower layerswas
introducedthatalsouseshe pressuralifferencebetweerthe actualpressureand800 hPa. Figure3 compares
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Figure 2: Tempeature (thick solid: all data, thick dotted: rain areas)and specifichumidity (thin solid: all data, thin
dotted:rain areas)short-range forecasterror correlationsobtainedfrom NMC-methodvith respecto levels1000(a, b),
500(c, d), 200hPa (g, f) for thewholeglobe(a, ¢, €) andthe Tropics(b, d, f).

theglobally averagecerrorstandarddeviations(Fig. 3a) andthosefor the Tropics(Fig. 3b). The NMC-profiles
areincludedaswell. As is the casefor the error correlations the differencebetweenrain coveredareasand
clearskiesis not significantregardlesof the employed methodandindependentf latitudeband. Again, this
resultdoesnotadvocatea distinctionof backgrounderrorsinsidevs. outsideprecipitationgiventheoperational
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Figure 3: Relativehumidity badground error standad deviation (Rabieret al. 1998, RA98), thick solid: all data,
thick dotted: rain areas; NMC-methodthin solid: all data, thin dotted: rain areas)short-range forecasterror standad
deviationsfor thewholeglobe(a) andthe Tropics(b).

formulation.

3 4D-Var analysisevaluation

Severalthree-monthgxperimentsvererunto evaluatetheimpactof the TCWV pseudo-obseationsin clouds
and precipitationon analysesandforecasts.The experimentswere carriedout with the ECMWF forecasting
systemcycle CY29R2. CY29Rz2is thefirst operationaimodelversionin which therain assimilationis active.
Table1 summarizeshe experimentnamesandcharacteristicsThe NEWOPSandNEWOPS— NORAIN ex-
perimentdollow the operationatonfigurationn thatthereare4 analysegerday, namelytwo shifted12-hour
assimilatiorwindow (betweerf-21and21-9UTC; delayedcut-off dataassimilationDCDA) analysesaswell
astwo 6-hourassimilationwindow (early delivery dataassimilation,DA) analysesvalid at 00 and12 UTC.
The former producethe first-guesdields for the latterandonly the DA analysesnitialize the medium-range
forecastgHaseler2004). To limit thecomputationatost,theRAIN andNORAIN experimentsvereconfigured
suchthatonly two DCDA analysesvereperformedperdayto initialize the medium-rangdorecasts.

3.1 Observation statistics

Figure4 shavs a time seriesfrom RAIN between08-10/2004of 4D-Var first-guesqFG) and analysis(AN)
departurédiasesaandstandardieviationsfor the Northernhemispherg¢30-60N,Fig. 4a),the Tropics(30S-30N,
Fig. 4b) andthe Southerrhemispheré30-60S,Fig. 4c), respectrely. Thedeparturesrevery stableandshav
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Table1: Summanyf rain assimilationandcontrol experiments.

Experimentdentifier Type Period
RAIN DCDA analysis 08-10/2004
NORAIN DCDA analysiswithoutrain assimilation 08-10/2004
OLDOPS DA+DCDA analysigoperations) 04/2005-06/2005
NEWOPS DA+DCDA analysis(operations) 07/2005-present

NEWOPS-NORAIN DA+DCDA analysis(operationsyithoutrainassimilation 23-31/08/2005

thatonly in the Tropicsa small biasof 0.4 kgm~2 remains which corresponds$o about18% of the standard
deviation and about6-8% of the total TCWV amounts. In mid-latitudes,the biasesare nearly zero. In the

winter hemispherethe standardieviationsaresmallerby 50%thanin the summehemisphereueto thelower

alundanceof moisturein theatmosphereThisresultconfirmsthatthe obserationoperatorthebiascorrection
(thatis only appliedto radiances)andthe 1D-Var retrievals performwell andstablg sothat no secondbias
correctionprior to theassimilationof TCWV in the4D-Var analysiss required.

For themonthof Septembe2004(RAIN), theglobal TCWYV statisticsshav a FG (AN) meandepartureof 0.29
(0.09)kgm—2 andFG (AN) departurestandardieviation of 1.59(1.09)kgm 2. The meanobseration erroris
1.94kgm—2. Thesamplesizeis 1,472,320.

3.2 Analysisincrements

At this stagethe assimilationof SSM/Iradiancesn rain affectedareasonly producesnoistureincrementghat
are expectedto modify the hydrologicalcycle in the modeland changedynamicalpatternsto accommodate
theredistritution of moisture.Thisimpactis not carriedout throughthe backgrounderror covariancestatistics
becaus@o cross-correlationexist betweemmoistureanddynamics.Thefeedbaclkcanonly beproducedy the
4D-Var that establisheshe dependencef the analysison the temporalevolution of the control vectorduring
theminimization.

Figure5 shaws a three-monthaverageof normalizedTCWV differencesbetweenRAIN and NORAIN from
the analyseqFig. 5a), the 24-hour(Fig. 5b), 48-hour(Fig. 5¢), and 72-hour(Fig. 5c) forecasts.The graphs
thereforeshow the relative impact of the rain assimilationon top of the operationalanalysis. The TCWV-
differenceswere normalizedwith the control TCWV analyses/forecast® shav the relative impactandto
avoid thatthe effectin mid-latitudeareass underestimatedueto the lower moistureabundance The hatched
areadn Fig. 5 indicatewherethe differencesarestatisticallysignificant. The significancewvascalculatedwith
at-testappliedto the TCWV-differencesagainsthe 0-differenceandwith a 5% significancdevel.

The meananalysisincrementifference<learlyidentify areasof meandrying alongthe Westerncoastsof the
AmericanandAfrican continentsthe North Atlantic andPacific andthe latitudebandbetweer30-50degrees
South. Positive differencesaremorelocalizedjust off the ITCZ andSouthof 50 degreesin the Indian Ocean.
Theamountsareof theorderof a1-3%; largeramountof -5 to -10 % areobseredratherlocally at 10 degrees
Southoff the Westerncoastof SouthAmericaandAfrica. The moisteninggenerallyremainsbelov 5%.

The 4D-Var moistureincrementdifferencesare fairly similar to thoseproducedby the 1D-Var (Baueret al.
2006a,their Fig. 14a)even thoughthe latter shav more spatialdetail becauséecausehe 1D-Var retrievals
are spatially independent. Someareasof local 1D-Var moisteningin very dry subtropicalregions are not
reproducedn the 4D-Var analysesThe global4D-Var picturegenerates netdrying of theatmosphereavhile
the 1D-Var global statisticshad revealeda small net moistening(Baueret al. 2006a). This is explainedby
the differencein the control variablesandtheir backgrounderror statistics. In the 1D-Var, specifichumidity
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a) Analysis 00 UTC (20040801-20041031) b) Forecast Day +1 (20040801-20041031)
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Figure 5: Meannormalizedanalysis(a) and 1-day(b), 2-day(c), 3-day(d) forecastdifferenceof TCWVbetweerRAIN
andNORAIN experimentdor period August-Octobe2004. Units are in % and crossedndicate statisticalsignificance
(95%significancenterval with t-teston analysisdifferencesagainstO-difference).

andtemperaturesened as a control variable,while they are combinedto a scaledrelatve humidity control
variablein 4D-Var (Anderssoret al. 2005). In areasof cloudsand precipitationwherethe obserationsare
mostly assimilatedthe relative humidity is usuallynearsaturation.The backgrounderror formulationin 4D-
Var implies a non-linearbehaiour in that moisteningin nearly saturatedareasis strongly penalized(small
backgroundbrrors)while dryingis lesspenalizedlargerbackgrounderrors).Nearsaturationanegatve TCWV
incrementproducedby the 1D-Var will thereforepersistthroughthe 4D-Var analysiswhile a positve TCWV
incrementmay be suppressed.

Figuresbb-dshav how theanalysisncrementsarepropagatednto theforecast. Again, meanincremendiffer-
encesdhetweerRAIN andNORAIN areshavn. Fromthisillustration, the memoryof the moistureincrements
from therainassimilationrseemdo lastlongerfor thedriedareag3+ days)andshorterfor the moistenedareas
(1-2days).Theexplanationfor thisis thatthe moistincrementwill accelerateondensatiomandproducemore
precipitationthatremovesthe moisturefrom the atmosphereThis canbe seenin Fig. 6 that shovs the mean
differencesf the forecastegrecipitation(in mm) betweer24 and96 hours. The patternsarerathernoisy but
the smallerimpacton precipitationin areasof TCWV-reductionthanin areasof moisteningcanbeidentified.
The differencesare generallymore noisy in the Southernhemispherdecausef the more active large-scale
diabaticprocessesluring winter. As alreadynotedfrom the 1D-Var analysesthe global impacton the pre-
cipitation budgetis smallwhich meanghatthe hydrologicalcycle in termsof global meanprecipitationis not

TechnicalMemoranduniNo. 488 11



cECMWF 1D+4D-Var Assimilationof PrecipitationAffectedMicrowave Radiances4D-Var

a) Forecast Day +1 (20040801-20041031) b) Forecast Day +2 (20040801-20041031)
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Figure 6: Mean24-houraccumulategrecipitationforecastdifferencefor 1-day(a), 2-day(b), 3-day(c), and 4-day(d)
forecastdetweerRAIN andNORAIN experimentgor period August-Octobe2004. Unitsarein mmandcrossesndicate
statisticalsignificancg95%significanceanterval with t-teston analysisdifferencesagainstzeo-difference).

significantlychanged.

Figure7 shavs the impactof the precipitationassimilationon the analyzeddivergentwind componentt 850
hPa. Again, thestatisticalsignificancds indicatedby hatchedareas Regionsof systematicornvergencematch
well with thosewherethe meanmoistureincrementsare positive, thatis in the southernandtropical Indian
Ocearandthenorthernpartof the SPCZ.The mostintenselydried areagoff westerncoastsof SouthAmerica
andAfrica) shav stronglocal divergencethatis statisticallysignificant. As mentionedbefore,this connection
betweermmoistureandconvergenceis a productof 4D-Var andwould not bereproducedvithin, e.g.,a 3D-Var

system.However, the patternsare confinedto limited areaswvhich may suggesthatthe large-scaladynamical
featuresarenot very strongly affected. This would meanthat an evaluationof forecastghatis mostly based
ontheassessmermtf key parameterassociateavith large-scaledynamicamay shav a smallimpactof therain

assimilationon forecastskill.

3.3 Sensitvity to obsewvations

It is corvenientto estimatethe individual impact of obserationsinside a dataassimilationsystemthat is
constrainedy alarge numberof diverseobserationsby evaluatingthe informationcontentthatis associated
with anindividual obseration. Recentlythis conceptwasformalizedbasednthe ECMWF analysissystenin
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Mean RAIN-NORAIN Divergent Wind 850 hPa: Analysis
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Figure 7: Mean 850 hPa divergent wind componentifferencefrom RAIN and NORAIN analyses. Calculatedover
period August-Octobe2004. Crossesndicate statistical significance(95% significanceinterval with t-teston analysis
differencesagainstO-difference).

termsof the so-called self-sensitrity’ estimationthatis basedon theinfluencematrix (Cardinalietal. 2004).
This matrix quantifieghesensitvity of theanalysisvalueto individual obsenations.Moreover, thetraceof the
influencematrix providesthe total information contentfrom which the informationcontent(herein termsof
thedegreesof freedomof the signal,DF S) of eachobsenrationtype canbe derived.

Table 2 summarizeghe DF S of eachobseration type from a single analysis(August 27, 2005, 00 UTC)

in the RAIN experiment. Note that the DF S is the corvolution of the information contentper obseration

with the numberof obserationsper obseration type. Obsenation typeswith large datavolumestherefore
shav comparabljarge contritutionssuchasAtmospheridnfraredSounde(AIRS) andAdvancedMicrowave

SoundingUnit (AMSU-A) satellitedata. However, the TCWV obserationsexhibit a significantcontritution

persingleobsenrationthatis about4 timeslargerthanclearsky SSM/Iradiances].5timeslargerthanAMSU-

B and2 timeslargerthanHIRS data. Moreover, the patternof the geographicadlistribution of high influence
(not shawvn here)resembleghe precipitationdistribution and also shawvs larger spatial variability thanthe
influencemapsof clearsky satelliteobserations.
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Table 2: Informationcontent(DF Sin %) per observatiortypein 12 UTC analysison August27, 2005,from NEWOPS
(GOES:GeostationanyOpefational EnvironmentalSatellite AMSU: AdvancedVlicrowaveSoundingUnit, HIRS: High-
resolutioninfrared SounderAIRS: Atmospheridnfrared SounderSSM/I: SpecialSensoMicrowave/ Imager).

Obserationtype  Number DFS[%]

AIRS 1,280,872 30.94
AMSU-A 627,019 17.91
Aircraft 151,745 6.66
HIRS 94,886 5.84
Temp 66,029 5.03
Satob 110,704 4.95
TCWV 45,742 4.76
Meteosat 101,585 4.25
AMSU-B 66,038 4.22
Quikscat 113,702 3.64
Pilot 53,004 3.31
Synop 62,186 2.87
GOES 59,162 2.84
SSM/I 84,164 2.06
Drift buoys 4 564 0.60
Ozone 11,010 0.11

4 Forecastevaluation

Forecasevaluationis generallycarriedout with modelanalysessa reference However, this sectionwill also
includeanevaluationwith respecto obsenrationsthatcanbe consideredccurateandrepresentate. Figure8
shavs the 3-monthaveragerelative humidity root meansquareerror (RMSE) differencebetweenRAIN and
NORAIN. The RMSE'swerecalculatedrom theforecastedields, FC, andtherespectie analyzedields, AN,
with:

1/2

1
RMSE = [N % (FC—AN)? (3)

RMSEsareheredisplayedaszonal crosssectionsof relative humidity for the 24, 48, 72, and 120-hourfore-
casts.Negatve RMSE-differenceddentify a betterperformancdéy RAIN andpositive differenceshav better
NORAIN forecastsRAIN performsbetterthroughoutthe Tropicsbetweem0S-40Nandall modellevels. The
RMSE-differencesareabout5% andlesswith respecto therelatve humidity RMSE’s of the NORAIN exper
imentthatareoverplottedasisolines. A small nggative impactof the rain assimilationcanbe obsered near
the surfacebetweend0S-60Swhich is relatedto the areaof strongmoisteningin the Southernindian Ocean
(seeFig. 5). This areais affectedby strongsurfacewinds. A potentialmodelbiasat high wind speedsnay
influencethe 1D-Var retrieval andthereforedegradethe analysis. This possibility will be furtherinvestigated
in thefuture. In ary case the memoryof the rain assimilationvanisheswith increasingorecastiengthandbe-
comesvery smallatday5. Figure9 shavs similar statisticSor temperatur@ndrevealsthatRMSE-differences
arevery smallbut againa slightly negative impactnear500 hPa betweemd0S-60Sis noted. For temperature
it is not olvious that this deteriorationis initiated nearthe surfaceandit quickly dissipatesafter 24-48hours
(Figs.9c-d).

Figures10-12shav the RAIN andNORAIN RMSE forecastscoredfor relative humidity, geopotentiaheight
andwind vector stratifiedinto Northernhemispher¢N.Hem.,30N-90N),Southerrhemispher¢S.Hem. 30S-
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Figure 8: Zonalmearnrelativehumidityforecastskill (asnormalizeddifferenceof root meansquae errors betweerRAIN
and NORAIN) for 24-hour (a), 48-hour (b), 72-hour (¢) and 120-hour(d) forecasts. Calculatedover period August-
October2004againstownanalysis respectivelylsolineshow NORAIN relativehumidityroot meansquake errors.

90S), Tropics (30S-30N)and NorthernPacific (N.Pac.,20-75N,140E-120W).Only levels at 1000, 700, 500,
and200hPaareshavn. Theforecastavereagainverified againstown analysesandaredisplayedas:

RMSERAIN — RIVISENORAIN )
R I\/ISENORAIN

The error barsrefer to the 95% significancelevel that was calculatedfrom a t-testof the RMSE-difference
againstzero. The figuresshav that dependingon areaandlevel, a large variety of resultsare obtainedwith
both positve andnegatie differences.In mostcasesthe statisticalsignificancedisappearsfter 3-4 daysfor
geopotentiahndwind vector For relative humidity (Fig. 10)andat 1000hPa, the 12-hourforecasperformance
is betweenl-3% worsefor all areas. This negative scoredissipatesafter 24 hours. At higheraltitudesthe
performanceis more neutral. As was seenin Fig. 8, the relatve humidity scoresare positive at 700 hPa
throughout the 10-dayforecastin the Tropics. Also the otherareasexhibit betterperformanceoy RAIN than
NORAIN, howvever the scoregendto becomeneutralafter 3-4 days. This signalis not seenin the geopotential
heightforecastgFig. 11). Despitethe factthatthesearemorenoisy beyond 72 hours,the short-rangdorecast
performancevariesfrom slightly better(S.Hem.,24 hours; Tropics,48 hours)to worse(N.Pac.,24-72hours;
S.Hem.,72-120hours). A similar distribution of resultsis obtainedfor the wind vectors(Fig. 12) with better
scoresn the Tropics(24-96hours,700-1000nPa) andratherneutralscoreslsavhere.

scoe = 100( (4)

Theforecastskill of tropical cyclonetrackswasinvestigatedseparatelyfor the ratheractive Atlantic systems
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a) RMSE Difference Temperature Day-1 FC RAIN-NORAIN b) RMSE Difference Temperature Day-2 FC RAIN-NORAIN
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Figure 9: AsFig. 8 for tempeature (in K).

over the periodof August-Septembe2004. The meansandstandardieviationsof the cyclonecentrepressure
differencesAp andthe centrelocations,Ad, werecalculatedusinga cyclonetrackingsoftware (vander Grijn
2002). The tracking algorithm currently in useat ECMWEF is basedon the identificationof the cyclones
centre. The searchfor the centreis usually performedin a box or radiusarounda first-guesdocation. The
first-guesdocationis obtainedby extrapolatingpasttrack positionsor by adwection of the cyclonewith the
steeringflow. In our analysisbetweend0 and80 track forecastsvere evaluatedfor 1-5 day forecastsaaswell
asthe modelanalyses.A generalfeatureof global modelanalysesandforecastof thesesystemss thatthe
analyseproducetoo high centrepressuralueto thelimited modelspatialresolution,n particularasemploed
in the minimization (80-120km). This overestimatiorof centrepressurgeducesuring the forecastbecause
theforecasts carriedout at the highestmodelresolution(here40 km).

Figurel3summarized\d (Fig. 13a),Ap (Fig. 13b)for theavailablenumberof casegFig. 13c). Bothmeanand
standarddeviationsfor experimentsRAIN (solid) andNORAIN (dotted)areshovn. The samplesizereduces
with increasingforecastlength becausecyclonesmay dissipateand the tracking routine fails in identifying
the wealening centreof the cyclones. Mean location errorsincreasefrom 100 km to 550 km. This error
mainly consistof analong-trackerrorbecauseapartfrom centralpressureseingsystematicallytoo high, the
systemsspeeds generallytoo low andtheforecasteaycloneslag behindtheobseredpaths.For bothAp and
Ad no significantdifferencebetweerthe two experimentscanbeidentifiedbecausehe slightimprovementin
meanAd (24-72hours)in RAIN is well withing the standardieviation. However, over this periodthe standard
deviationin Ad is smallerby about20-50%in RAIN which maybeinterpretecasanimprovement.

16 TechnicalMemoranduniNo. 488



1D+4D-Var Assimilationof PrecipitationAffectedMicrowave Radiances4D-Var cECMWF

004} N.Hem.: 1000hPa] [ S.Hem.: 1000hPa] | Tropics: 1000hPa] [ N.Pac.

: 1000hPa |

—-0.04r1

004l N.Hem.: 700hPa | | S.Hem.: 700hPa | [ Tropics: 700hPa | | N.Pac.

: 7/00hPa

0.02r

-0.021

-0.04r1

0.04F N.Hem.: 500hPa | | S.Hem.: 500hPa | [ Tropics: 500hPa | | N.Pac.

: 500hPa

0.02 ¢

o.oow\ww

-0.021

-0.04r

004} N.Hem.: 200hPa | | S.Hem.: 200hPa | | Tropics: 200hPa ] [ N.Pac.: 200hPa

0.02¢
0.00

-0.021

—-0.04r1

0 48 96 144 192 2400 48 96 144 192 2400 48 96 144 192 2400 48 96 144 192 240
Figure 10: Normalizedroot meansquae relativehumidityerror differencebetweerexperimentdR AIN and NORAIN for
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againstownanalysisrespectively
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Figure 11: AsFig. 10 for geopotentiaheight.
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Figure 12: AsFig. 10for vectorwind.
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The4D-Vartropicalcycloneanalysigperformancén comparisorio dropsondebserationsin theregion 15N-

40N and50W-100W s displayedin Fig. 14. Figure 14a-bshaws thefirst-guesqthick) andanalysisdeparture
meansandstandardieviationsof wind (Ay, ow) andtemperaturéA;, o;; Figs.14c-d)betweerRAIN (dotted)
and NORAIN (solid) for 08-10,2004. The samplesizeis 600-7,500as a function of altitude and doesnot

significantly changebetweenexperiments.While first-guessoy,’'s are slightly smallerbetweernd50 and 1000

hPafor NORAIN, biasesAy, arelargerthroughouthetroposphereSecondlythe analysisstandardieviations

are very similar while the biasesof NORAIN remainlarger For temperaturea similar but much wealer

behaiour is obsered. Again, the biasesn NORAIN remainlargerafterthe4D-Var analysis.

Similar statisticshave beencalculatedor hurricaneKatrinathatcausedmmensedestructiorin the south-east
of theUSin late August2005. In Fig. 15, experimentNEWOPSrefersto the operationamodelconfiguration
thatincludestherain assimilationwhile experimentNEWOPS— NORAIN represents copy of NEWOPSwith
adeactvatedrain assimilation(seeTah 1). Here, NEWOPSproducesignificantlysmallerfirst-guesstandard
deviationsin wind andslightly smalleronesin temperatureAnalysisbiasesareslightly worsefor NEWOPS
In summary RAIN producesetterbiasesand, at leastin the caseof hurricaneKatrina, NEWOPSproduces
muchbetterstandardieviations.

Table 3 summarizeghe statisticsof independenT CWV retrievals from JasonMicrowave Radiomete(JMR)
thatwaslaunchecbn the Jason-Isatellitein DecembeR001for providing obserationsrelatedto air-seainter-
actionsthroughcombinedradiometefaltimetermeasurementslhe radiometercarriesthreechannelsat 18.7,
23.8,and34.0GHz andpointsin nadirdirection. Theradianceneasurementreusedto correctfor theexcess
pathdelaythroughtheatmospherexperiencedy theradaraltimetersignaldueto watervapourandsuspended
cloudliquid water The pathdelayis equivalentto an estimationof TCWV andcloud liquid waterpathand
canthereforebe usedfor an independenevaluationof model TCWV. The statisticsin Tah 3 representhe
SeptembeR005 TCWV meansof JMR retrievals, ECMWF modelanalysesrom cycles C29R1(OLDOPS
prior to rain assimilation)and CY29R2 (NEWOPS, the biasesstandarddeviationsand correlationsof each
modelversionwith respecto JMR-derved TCWYV, respectiely. For all areashiasesandstandardieviations
arereducedby aboutl0%andcorrelationsareincreasedvhenthe rain assimilationis present.Similar figures
wereobtainedor August2005(notshavn here).Generallythemodeltendsto overestimatd CWV by ~0.5-1
kgm~2 in thewinter hemispher@ndthe Tropicsandby ~1-1.5kgm~2 in the summethemisphereThesepat-
ternscorrespondo theextensie negative TCWV incrementgproducedy therain assimilationthatareevident
in Fig. 5ain theseareador the period08-102004.

5 Discussion

This paperpresentghe resultsof the implementatiorof the 1D+4D-Var assimilationof rain affected SSM/I
radiancesat ECMWEF. Thefirst part of the paperdescribedhe implementatiorof the 1D-Var algorithmthat
retrieves TCWYV in the presenceof cloudsand precipitationover oceansusing microvave radiances. The
secondpartfocusedon the globalmodelanalysisandforecastperformancevhenthesenen obserationswere
included.

An importantresultis thata globalrain assimilationis feasiblein termsof computingtime andstability. With

50-80,000active rain obserationsin our configurationthetotal increasén computingtime is of the orderof

5-10% within the entire 4D-Var analysis. No 4D-Var minimization problemshave beennoted. In this case,
the implementationof a two-stagelD+4D-Var assimilationis clearly advantageousecausehe non-linear
1D-Var and multiple screeningstagesbeforeand after the 1D-Var permit better protectionfrom instability.

Futuredevelopmentgowardsthedirectassimilationof rain affectedradiancewill shav how stringentthedata
screeninghasto become.
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Figure 13: Meanand standad deviationsof Tropical cyclonelocationdistanceerror Ad (a; in km)and meansea-level
pressue error Ap (b; in hPa) andnumberof forecastsrespectivelyfor experimentRAIN andNORAIN. Error barswere
offsetby + 1 hour with regard to valid forecasttimeto highlight differences.
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Figure 14: BiasesA and standad derviations,a, betweendropsondeobservationsand modelfirst-guesgthick solid,
thick dashed)r modelanalysis(thin solid, thin dashed)or experimentRAIN and NORAIN. Wnd speedbias (a) and
standad deviation (b), tempeature bias (c) and standad deviation (d) for period Augustl1 - October30, 2004, in the
Caribbean.

TheTCWYV obsenrationstatisticsshavedthatthey arealmostunbiasedothattheonly biascorrectionto beap-

pliedis thecorrectionto radiancedeforethe 1D-Var. Most of thesystematianoistureincremenstructureghat
were producedoy the 1D-Var remainafterthe 4D-Var analysis.The definition of moisturebackgrouncerrors
nearsaturatiorcausegositive incrementgo be smaller lesswidespreadndto dissipatefasterin theforecast
throughprecipitation. Globally, the model spin-davn, thatis the excessie generationof precipitationfrom

systematignoisteningof thelower atmospherén theanalysiscouldbereduced Areaswith systematiarying

persistedongerthroughouthe forecastsln all caseshowever, the meandD-Var incrementsamountedo less
than5% of thetotal TCWV alundance.The forecastegrecipitationpatternsesemblehe TCWV increment
structuresbut shav increasingnoisewith increasingforecastlengthwhenthe rain assimilationis compared
to a control experiment. In areaswith large spatialextensionof systematicTCWV incrementstructureshe

divegenceincrementdollowedthe moistureredistritution indicatinganactive feedbacketweermoistureand

dynamics.

Forecastevaluationshaved positive relatve humidity scoresin the Tropics near700 hPa wherethe primary
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Figure 15: AsFig. 14 for modelversionsNEWOPSand NEWOPS— NORAIN in period August23-30,2005, tropical
cycloneKatrina in the Caribbean.

analysissignalis produced.Nearthe surface,somelocal negative performancesvereobsened but they only
lastedfor 12 hours. The geopotentiaheightforecastsn the Southerrhemispherevereslightly negative at all
selectedevels pastday 2 (neutralto positive before). However, the noisein scoredifferencesbetweentwo
experimentsstronglyincreasegastday 3-4 thusthe statisticalsignificanceof meandifferencesvasreduced.

The skill in tropical cyclone forecastswas rather similar betweenthe rain assimilationexperimentand its
control given the inherentforecastvariability. However, meancyclonelocationwasslightly improved in the
rain assimilationexperimentwhile forecastvariability (locationstandardieviation) wasmuchsmallerthanin
the control. The evaluationof wind and temperatureanalysesusing dropsondeobsenrationsin the vicinity
of cyclonesshaved neutral-to-betteperformanceof the rain assimilation. Comparisonof model analyses
with independenstatellite-dened TCWV exhibited a 10% improvementwith the modelcycle that contains
rain assimilation. The regions of greatesimprovementcorrespondo the areasof largestsystematicTCWV
incrementsntroducedby therain affectedobsenrations.

We have notpresented dedicatedralidationof 1D-Var precipitationanalyse®r 4D-Var precipitationforecasts
atthis stage.Thisis for severalreasons:
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Table 3: IMRTCW\Vretrieval and modelanalysiscomparisorfor Septembe2005. Units are kgm=2.

Parameter Global North.  Tropics South. North.  North. South  Mediterr.
hemisph. hemisph. Atlant. Pac. East.
Pac.
CY29R1:
Number 81,955 22,233 25,294 35,036 10,656 11,263 5,932 627
MeanModel 25.2515 27.1074 40.5710 13.1665 25.0540 28.6561 29.2813 26.6023
MeanJason 24.2384 25.8825 39.4168 12.3890 23.6507 27.6068 28.4461 24.5860

Bias(Jason-Model) -1.0131 -1.2249 -1.1542 -0.7774 -1.4033 -1.0493 -0.8352 -2.0163
Standarddeviation  1.7697 1.9388 2.0485 1.3703 1.9792 1.8681 1.6390 2.0368

Correlation 0.9938 0.9892 0.9865 0.9838 0.9883 0.9895 0.9902 0.9411
CY29R2:

Number 81,955 22,233 25,294 35,036 10,656 11,263 5,932 627
MeanModel 25.1993 27.0159 40.4480 13.1649 24.9734 28.5603 29.2128 26.3803
MeanJason 24,2384 25.8825 39.4168 12.3890 23.6507 27.6068 28.4461 24.5860

Bias(Jason-Model) -0.9499 -1.1334 -1.0312 -0.7759 -1.3227 -0.9535 -0.7668 -1.7942
Standarddeviation  1.6928 1.8338 1.9454 1.3561 1.8767 1.7609 15713 1.8157
Correlation 0.9943 0.9903 0.9876 0.9849 0.9894 0.9907 0.9909 0.9537

Theradiancedepartureshatprovide the obserationalconstraintin the 1D-Var assimilatioraremainly related
to the integratedliquid water path of precipitationsinceonly the first three SSM/I channelsare used. The
radiancedeparturestandarddeviations are reducedby a factor of four after the analysisand the biasesare
insignificant. This suggesta muchbetterfit of total waterpathafterthe 1D-Var on average.Thefreezinglevel

heightis linkedto thetemperaturerofile thatis ratherwell predictedby the globalmodel. This meanghatthe
retrieved surfacerain rateis betterthanthe first-guesgain rate sincethe rain profile doesnot exhibit a large

verticalvariability (seealsoradiancevs. rainrateassimilatiorby Moreauetal. 2003). Thisis furthersupported
by the factthatalsoin the upperfour channelghe 1D-Var analysisdeparturebiasesand standarddeviations
arebetterthanthefirst-guesnes.While this is only anindirectvalidationthatwill be affectedby modeling
errors,the comparisorto rain retrievals from othersourceswill suffer from differentsamplingandadditional
retrieval errorscontainedn the derivedreferenceproducts.

The meanrain incrementsg(Baueret al. 2006a)are rathersmall so that, given the uncertaintiesof oceanic
rain products the relative differencebetweenlD-Var first-guessesndanalyseswill not producestatistically
significantoffsetsto the available referencedata. The ECMWF model producedorecastswith accumulated
rainamountsover 12-24hourperiods.Theseaccumulationsreproducedon a 40 km grid andwith 15 minute
time steps(to be 25 km and12 minutetime stepswith the next modelcycle). We performedvariousintercom-
parisonswith continentalaccumulatedain productson a daily basisand, say 1-degreegrids (radarnetwork
dataover the US, daily rain-gaugeproductover Australia). Theseintercomparisonproducedittle evidence
of a meanimprovementor deteriorationof land surfacerainfall by the rain assimilation. Over oceansonly
TRMM PRdatacouldbeconsidered referencedatasetbecausell otherproductssuffer from greateiintrinsic
uncertaintieshanforecastdifferencedo beidentified. However, e’ena TRMM PR productis generatedrom
avery differentsamplingstratgy (narrov swath,about0-2 overpasseperday, instantaneousstimateat4 km
resolution)sothatdifferencesn representin@rea-aeragedandaccumulategbrecipitationoverwhelmrelative
differencedbetweerntwo modelexperiments.

Giventhecompleity of the systemandthe potentialdestabilizatiorof the 4D-Var analysisby the assimilation
of obsenrationswhereonly few other obsenations are presentand where strong non-lineareffects may be
producedby the moistureanalysis the currentimplementatiormustbe considered greatsuccessAs to date,
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thisis thefirst global operationaltD-Var systemthatemplays rain affectedobserationsfrom satellites. The
impacton the analysisis significantandsimilar or largerthanthosefrom HIRS, SSM/landAMSU-B sensors.

Apart from technicaldetails,future areasof improvementsare linked to the direct assimilationof radiances
becausdhe entire4D-Var obseration operator(including dynamics)would be involved in the minimization.
Thismayrequirealist of othersubstantiathangeso thesystenmsuchasthechangeof thecontrolvariable(from
relative humidityto totalwater),ahighermodelresolutionandtheactivationof moistphysicsparameterizations
earlierin the minimization. Thesemadificationswill imposemorecomputationatostandpotentiallya more
restrictive or moreoptimal datascreeningHowever, thesedifficultieswill be compensateldy the assimilation
of rain affectedobsenrationsthatis consistenwith otherradianceobserationsandthatwill producea more
balancednteractionbetweermoistureinformationandmodeldynamicsin thefour-dimensionaknalysis.
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