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1D+4D-VarAssimilationof PrecipitationAffectedMicrowaveRadiances:4D-Var

Abstract

This paperpresentsthe operationalimplementationof a 1D+4D-Var assimilationsystemof rain affected
satelliteobservationsat ECMWF. Thefirst partdescribesthemethodologyandperformanceanalysisof the
1D-Var retrieval schemein cloudsandprecipitationthatusesSSM/I microwave radianceobservationsfor
theestimationof total columnwatervapour(TCWV). This partdescribesthe technicalimplementationof
theTCWV observationsin 4D-Varaswell astheimpactanalysis.

Theeffectof theTCWV observationsimpliedby precipitationon the4D-Varanalysesis significantandthe
total informationcontentis comparableto thatof SSM/I,HIRS andAMSU-B radiances.Regionswith sys-
tematicdrying in theanalysispersistthroughouttheforecastwhile moisteningis removedby precipitation
after1-2days.Thecorrespondingdivergenceincrementsreflectthefeedbackbetweenmoistureanddynam-
ics. Forecastevaluationusingmodelanalysesexhibits mostlypositive relative humidity forecastscores,in
particularat 700hPa andin theTropics.Someshort-termnegative forecastscoresareobservedfor geopo-
tentialnear1000hPa andin theSouthernhemispherebetweendays2-4. Wind scoresvary greatlybetween
regionsanddifferent forecastlengths. Tropical cyclonetrackingforecastsareonly slightly affectedby a
reducedlocationerrorspreadthroughtherainassimilation.Comparisonto dropsondeobservationsof wind
andtemperatureshows improvementasdoesTCWV analysisvalidationagainstindependentobservations
from Jasonradiometerdata. The systemhasbeenimplementedoperationallyin June2005 and will be
furtherdevelopedtowardsa direct4D-Varassimilationof radiancesin cloudsandprecipitation.

1 Intr oduction

Theassimilationof datarelatingto precipitationimposesseveralnew challengeson a numericalweatherpre-
diction (NWP) system.The solutionapproachdependson several factors,particularlyon whetherthe NWP
systemis usedfor processstudiesor for operationalpurposes.Themainchallengefor avariationalassimilation
systemis thefact thatmoistphysicalprocessesmustbeaccountedfor in theminimizationandthat thecorre-
spondingmodelparameterizationsarelikely to benon-linearandpotentiallydiscontinuous.Most globaland
operationalsystemsrely on incrementalformulationsof variationaldataassimilationbecauseit producesthe
besttrade-off betweencomputationalefficiency andanobjective, threeor four-dimensional,physicallyconsis-
tentsystem(Courtieretal. 1994).Theincrementalapproachassumeslinearmodelbehaviour in thevicinity of
theshort-rangeforecaststatethatrepresentsthebackgroundconstraintin theanalysis.Thenon-linearphysics
thereforerepresentsanapparentcontradictionto thisassumption.

This contradictionhasmotivatedseveralstudiesin thepastthat investigatetheminimizationperformanceem-
ploying moreor lessregularizedversionsof moist physicsparameterizationschemes(Vukićević andErrico
1993,Errico andRaeder1999).Convectionparameterizationsasemployedin globalmodelswereeasilyiden-
tified asthemajorsourceof non-linearitiesanddiscontinuities.ZupanskiandMesinger(1995)demonstrated
the importanceof regular physicsparameterizationsin the minimizationbut alsothe importanceof accurate
non-linearmodelsin the forward integrations(model trajectoryin four-dimensionalvariationalassimilation,
4D-Var). Theaccuracy of non-linearmodelsusedin theintegrationandtheirconsistency with linearizedmodel
versionsusedin theminimizationmaythereforeproduceaconflict.

Non-incrementalvariationalassimilationsystemscanonly beoperatedon individual casesfor experimentation
purposesor, in aglobaloperationalframework, with lessspatialresolutionthancurrentlyachievablewith incre-
mentalsystems.Only few studiesexist thatpermitgeneralconclusionsonsystemdesignthatarenotneutralized
by over-simplificationsof otherfundamentalproblemsthathadto bemadefor successfulexperimentation.In
many cases,the resultsarestronglydriven by the definition of casestudies,observation errors,assimilation
window lengthandcostfunction (Zou andKuo 1996,Tsuyuki 1997,Xiao andZou 2000)andnoneof these
frameworksgeneralizeto apotentialoperationalset-up.
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Other issuesarerelatedto formal requirementsof the variationalformulationsuchasunbiasedobservations
with well definedandGaussian-shapederrorstatisticsaswell asaccurateandregularizedobservationoperators
thattranslatebetweenmodelandobservationspace(Erricoetal. 2000).Someof theseissuesarelessapparent
in physicaladjustmentandnudgingschemes(e.g. KrishnamurtiandBedi 1996),however, thesewill not be
consideredherebecausethey arenot relevantto thedataassimilationsystemthatis implementedat ECMWF.

Operationalsystemshave to benumericallystableandcomputationallyefficient. This requirementaswell as
thelackof accurateprocessunderstandingseriouslylimit thechoiceof theemployedobservationsandmodels
(observationoperators).Thepotentialexcitationof gravity waveshasalsobeenrecognizedby severalauthors
(Tsuyuki1997,Fillion 2002).However, it hasbeendemonstratedthatconservative useof rainfall observations
in regionalandglobalmodellingsystemsis possible(MarécalandMahfouf2000,MarécalandMahfouf2002,
Tsuyuki et al. 2003,Treadonet al. 2003). In thesesystems,datascreeningis an efficient way of ensuring
linearityandavoiding excessive small-scalemodelperturbationsthatmaycausegravity waves.

Anotherimportantdevelopmentwasthechoiceof microwave radiancesasobservationsinsteadof rain rates.
Differencesbetweenobserved and modelledradiancesare more Gaussian-shapedand lessbiasedthan dif-
ferencesbetweenobserved andmodelledrain rates. The gradientof the combinedmoist physics- radiative
transferobservationoperatoris alwaysnon-zerofor radianceperturbationsevenin theabsenceof rain because
radiancesarealsosensitive to modificationsof temperature,moistureandsurfacestate. The gradientof the
moistphysicsparameterizations,however, is alwayszeroif thefirst-guessrain is zero(Moreauetal. 2002).

Baueret al. (2006a)showed that the largestcontribution to the operator’s non-linearityoriginatesfrom the
moistphysicsparameterizations,thaterrorsmaybecharacterizedrealisticallyandthatbiasesarerathersmall.
Multiple-scatteringradiative transfercodesarecomputationallyefficient andaccurate,andtangent-linearand
adjoint versionsareavailable(Baueret al. 2006b). Here,observationsfrom theSpecialSensorMicrowave /
Imager(SSM/I) werechosenbecausethey areoperationallyavailableto theNWP communitysince1987and
have beenprovento bevery stableandaccurate.

A two-stageapproach,i.e. a 1D-Var retrieval of an intermediate’pseudo-observation’ from radianceobser-
vationsbeforeassimilatingit in 4D-Var, wasoperationallyimplementedat ECMWF. This methodhasseveral
advantages.Firstly, a potentiallynon-linearobservation operatorcanonly be appliedin an incrementalas-
similationto avery limited extentvia additionalouterloop updatesof themodelstate.Thenon-linear1D-Var,
however, updatesthemodelstateduringminimizationandmaythereforebettercopewith non-linearities.These
mainly occurfor moreintenseandconvective precipitation(Baueret al. 2006a).Secondly, the two-stageap-
proachfacilitatesquality control becausethe outputandperformanceof the 1D-Var retrieval canbe usedto
screenout databeforethey affect the4D-Var analysis.MarécalandMahfouf (2000,2002)have successfully
demonstratedthe benefitsof suchmethodfor rain rateobservations. It hasalsoproven to be successfulin
the framework of early implementationsof clear-sky radianceassimilationin thepast(e.g. Eyreet al. 1993,
Phallippou1996).

The secondpart of this paperbuilds uponthe 1D-Var retrieval productthat is the total columnwatervapour
(TCWV) retrieval in thepresenceof cloudsandprecipitation.Thetechnicalimplementationrelatedto observa-
tion operators,assumptionson errorsandquality controlaredescribedin thefirst part(Baueret al. 2006a).In
Section2, thepaperdescribesthecharacterizationof TCWV observationstatisticsin theglobal4D-Varanalysis
andthedefinitionof backgroundandobservationerrors.Botharelinkedto theavailablechoicesof observation
quantities(TCWV) andcontrol variables(normalizedrelative humidity) in the ECMWF systemon 28 June
2005. The global impactof TCWV observationson the analysisis illustratedin Section3 by an illustration
of the systematicmodificationof moisture,precipitationanddivergenceandby a calculationexampleof the
relativecontribution of TCWV observationsto thetotalobservationinformationcontent.Theimpactonmodel
forecastsis presentedin Section4 aswell asthe forecastevaluationagainstmodelanalysesandindependent
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observationsoverseveralmonthsof experimentation.Thepaperis concludedby adiscussionin Section5.

2 Implementation

2.1 Computing

Currently, all calculationsarecarriedoutonanIBM p690Power4+clusteratECMWF. Eachof theprocessors
hasa1.9GHzclockrate.Themodelfieldsrequiredin thedataassimilationsystemarecurrentlyinterpolatedto
observationlocationsandtheobservationoperatorsareappliedto theinterpolatedfields.Sincetheobservation
operatorthatis appliedin therainassimilationis very complex andrequiresmany moreparametersthanavail-
ablethroughthe existing route,the 1D-Var rain assimilationcalculationsarecarriedout in grid-point space.
This ensuresthatall fieldsthatareoutputfrom themodelphysicscanbeuseddirectly. This developmentalso
pavestheway for thedirectassimilationof cloudandrainaffectedradiancesin 4D-Var.

For eachmodeltimestep(currently12minutes)thegrid-pointnearestto eachSSM/Iobservationis matchedto
theobservation.This is donewithin afixedsearchradiusof theobservationand,if nogridpointis foundin this
radius,theobservation is not used.Grid-pointsarematchedwith only oneobservation andareremovedfrom
thesearchonceamatchhasbeenfound.This searchhasbeencodedsuchthatthematchingof observationsto
grid-pointsis identicalif thenumberof processorsis changed.

Sincethedistribution of theSSM/I observationsis not homogeneousover thegrid-pointspace(causedby the
applicationoveroceansonly) thereis asevereloadimbalanceof therainassimilationwork betweentheproces-
sors,whoseworkloaddistribution usesa geographicaldecomposition.This hasbeenresolvedby determining
how muchwork eachprocessorwill have to do at eachtimestepfrom the numberof observation/grid-point
matches.Thoseprocessorswhich have muchwork to do passwork to processorsthat otherwisewould have
little or no work to do usingmessagepassing.This load-balancinghasreducedthetime consumedfor therain
assimilationby afactorof 3-4for aTL799L91 run(spectralmodeltruncationatwavenumber799and91model
layers).A full runof 4D-VaratTL799L91 takesabout80minuteson796processorsof theIBM p690+cluster
at ECMWF. The 1D-Var rain assimilationcostsabout12% of the time for the 4D-Var whena 10 km search
radiusis used.Thenumberof observationsfor 10,7.5,and5 km searchradii is 62,000,47,000,32,000andthe
computationalcostis 9, 6, and4 minutes,respectively.

2.2 Err or definition

2.2.1 (i) Observationerrors

As in thecaseof radiances(Baueretal. 2006a),thedeterminationof TCWV observationerrorsis notstraight-
forward. The pseudo-observation valuesof TCWV originate from the 1D-Var retrievals and thereforethe
observationerrorscorrespondto the1D-Varretrieval errors.Thisdependsonthebackgrounderrorassumedfor
the1D-Var controlvector(temperatureandspecifichumidity), theobservation errordefinedfor theradiances
andtheaccuracy of theobservationoperator.

An indirectmethodalreadyappliedby Baueretal. (2006a)for theestimationof theradianceobservationerrors
is the oneproposedby Hollingsworth andLönnberg (1986). This approachis basedon the assumptionthat
theobservation errorcanbededucedfrom thespatialcovarianceof first-guessdepartures,σFG. This method
assumesthatthefirst-guessdeparturescanbecalculatedwith datafrom anobservationalnetwork thatis densely
populatedand whoseneighboringobservationsarespatially uncorrelated.If the covariancesarecomposed
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of observation, σR, andbackgrounderror, σB, contributions, the covarianceswith separationdistanced � 0
only containa backgroundtermwhile at d � 0 thecovariancesareσ2

FG � σ2
B � σ2

R. Assumingthatσ2
B is the

sameat d � 0 andfor very smallspatialoffsets,σ2
R canthenbeobtainedfrom theextrapolationof thespatial

covariancecurve from d � 0 to d � 0. However, in the caseof TCWV error estimation,the Hollingsworth-
Lönnberg methodis lessappropriatebecausetheTCWV ’observations’arenot trueobservationsbut originate
from 1D-Var retrievalswhichwereconstrainedalreadywith thefirst-guessTCWV. Thereforebothbackground
and’observations’containTCWV informationthatis alsospatiallycorrelated.

For thelinearcaseandfor anerror-freeoperator, the1D-Varanalysiserrorcovariancematrix,A, canbedirectly
derivedasthecovarianceof themaximumaposteriori solutionto theinverseproblem:

A � 1 � B � 1 � HTR � 1H (1)

with backgrounderrorcovariancematrixB, observationplusmodellingerrorcovariancematrixR, andJacobian
matrixof theobservationoperatorH (e.g.Rodgers2000).Theproblemof non-linearitymayentertheinversion
throughthe apriori information by a non-Gaussianprobability distribution function and/orthe observation
operator. The former issuewasshown to be lesscritical by Baueret al. (2006a)in that for the lower three
SSM/I channels,thefirst-guessradiancedeparturedistributionshave Gaussianshapesandexhibit very small
andcorrectablebiases.Thelinearityof theobservationoperator- here,themoistphysicsparameterizationsand
themultiple-scatteringradiative transfermodel- is ensuredfor themajority of thecaseswith largerdeviations
from linearity occurringfor strongerconvection and deepercloud systems. This suggeststhat it is worth
evaluatingEq. (1) dueto the lack of othererrorestimationoptions. TheJacobianmatrix is derived usingthe
adjoint of the observation operatorbecausethe dimensionof the observation vector is 7 (numberof SSM/I
channels)comparedto thedimension120(60 modellevels for temperatureandspecifichumidity) of thestate
vector. Theerrorstandarddeviationof TCWV is thencalculatedfrom:

σA � TCWV � 1
g

�
∆pTA∆p � 1� 2

(2)

with the vectorof pressuredifferencesbetweenadjacentlayer interfaces,∆p. Figure1 shows the resulting
scatterplot from 198,114casesproducedwith four 12-hour4D-VaranalysesonSeptember1-2,2004.Figure1a
shows the realizationof Eq. (1-2) asdots. For comparison,the averageHollingsworth-Lönnberg valuesper
TCWV interval areoverplottedassolid lines.Thefirst conclusionis thatEq.(1) produceslargererrorestimates
thanthosefrom the Hollingsworth-Lönnberg methodeven thoughthe error gradientwith TCWV is similar.
Secondly, therearetwo regimesof errorswhich mayroughlybeapproximatedby linearfits with anoffsetof
1kgm� 2 andslopesthat differ by a factorof two. Eachregime is definedby the magnitudeof H becauseR
is constant.If the ratio betweenσA andσB is displayed(Fig. 1b) the sametwo regimesareidentified. The
reductionof 1D-Var analysiserrorswith respectto backgrounderrorsis foundto bebetweena factorof 1/1.8
anda factorof 1/3. Thebulk of situations,however, belongsto thesamplewith largerimprovements.

It wasinvestigatedwhetherthe error regime could be classifiedaccordingto the amountof TCWV, the rain
amount,the activation of convection, the radiancefirst-guessdepartures,the TCWV or rain increments,the
1D-Var convergenceor the linearity of H. Only a limited dependenceon rain amountandactive convection
could be identified, i.e., with more rain and more active convection in a larger numberof casesexhibited
errorsbelongingto theclasswith largererrors.However, no uniqueclassificationcriteriacouldbedefinedand
thereforeno justificationfor thesimplificationof theerrorcalculationby curve-fitting (MarécalandMahfouf
2002)in thecontext of theemployedobservationoperatorswasfound.Thisrequiresanexplicit errorcalculation
with Eq.(1)-(2).

4 TechnicalMemorandumNo. 488



1D+4D-VarAssimilationof PrecipitationAffectedMicrowaveRadiances:4D-Var

Figure 1: Analysiserror standard deviation obtainedfrom Eq. (1)-(2) (dots)as a functionof TCWVand meanerrors
obtainedfrom Hollingsworth-L̈onnberg method(a; horizontalbars). Ratio of analysisand backgrounderror standard
deviations(b).
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2.2.2 (ii) Backgrounderrors

Thespecificationof thebackgrounderrorcovariancematrix (B-matrix) is animportantaspectof thevariational
analysissinceit is primarily throughthis matrix that the informationfrom observationsis distributed in the
vertical.Thisappliesto both1D-Var and4D-VarbecausetheTCWV incrementsfrom the1D-Var retrieval are
vertically distributedaccordingto the local backgrounderrorcovariancematrix. Thedefinitionof B is based
on themethodof theperturbedanalysisensembledescribedin Zagaret al. (2005).Accordingto this method,
theanalysisstateis statisticallyperturbedaccordingto their randomerrorcharacteristics.Theresultingshort-
rangeforecastsarethenalsoperturbedandtheir spreadis assumedto representthe randomerror associated
with theshort-rangeforecastfields. In themostrecentversionof theECMWF model,this backgrounderror
correlationcalculationhasbeenmodifiedby addinga waveletdecompositionfor introducingspatialinhomo-
geneity(Fisher2004).Althoughit would bedesirableto useanidenticaldefinitionfor the1D-Var, this would
becomputationallyvery expensive dueto thetechnicallimits imposedby thefactthatthe1D-Var is run at the
forwardtrajectorylevel andnot at theanalysislevel. Therefore,theoriginal correlationcalculationmethodis
appliedin the1D-Var while the4D-Varanalysisemploys thewaveletdecomposition.

Anotherimportantissueis whetherthe existing backgrounderror formulationrequiresa separationinto rain
affectedandclear-sky error covariances.For this purpose,the so-calledNMC-method(after NationalMete-
orologicalCenter, now NationalCentersfor EnvironmentalPrediction,NCEP;ParrishandDerber1992)was
appliedusingtheoperationalECMWF model. Themethodassumesthat themeandifferencesbetweenfore-
castsof different lengthsvalid for the sametarget dates,i.e., initialized with a delay, are representative of
forecasterrorsandcanthereforebeusedto quantify forecasterrorcovariancestatistics.Themainadvantage
of theNMC-methodis that the forecastsfor calculatingthestatisticsareavailablein theoperationalarchives
andno separateandcomputationallyexpensive run of the forecastor theanalysissystemis required.On the
otherhand,the computationalcost is the main drawback for ensemble-typemethods. The disadvantageof
theNMC-methodis that it requiresforecastlengths(24-48hours)thatarelarger thanthoseof theshort-range
forecastthat is usedasa backgroundin theanalyses(3-15hours).For our purpose,this disadvantageis not so
relevantbecausethemethodis only employedfor theinvestigationof forecasterrorstatisticsinsidevs. outside
precipitation.

TheNMC-methodwasappliedusingthreemonths(December2004- February2005)of 24-hourand48-hour
forecastsof specifichumidity, q, andtemperature,T, with thesametargetdates,respectively. Therain- norain
distinctionwasobtainedfrom a 3-hourforecastof large-scaleandconvective precipitationandby applyinga
minimumthresholdof 0.05mm/h. Thestatisticswerederivedfor specifichumidity, q, andtemperature,T, at
sevenpressurelevels.Theresultingmeanverticalcorrelationsbetweenq andT at1000,500and200hPawith
theotherlevelsarepresentedin Fig. 2 for theentireglobe(Figs.2a,c, e) andtheTropics(30S-30N,Figs.2b,
d, f). The solid lines representall gridpointswhile the dashedlines show rainy gridpoints. For both q and
T, no substantialdifferencecanbe identifiedover eithertropical areasor the entireglobe. Differentvertical
correlationpatternscould be expectedinsideprecipitationdueto the temperatureandmoisturestructurethat
is modifiedby latentheatreleaseandevapouration. However, the existing formulationdoesnot producea
significantprecipitationsignature.Thereforetheoperationalformulationof B wasappliedfor both1D-Varand
4D-Var.

In Fig. 3. error standarddeviationsaredisplayedin termsof relative humidity, σR, becausethis parameter,
scaledby its variance,is usedas the moisturecontrol variableat ECMWF. Mean profiles from the NMC-
methodstatisticsarecomparedwith the error standarddeviation formulationfrom Rabieret al. (1998) that
wasemployedin operations.This formulationwasobtainedfrom radiosonde-modelcomparisonsandcontains
modelbackgroundtemperatureandrelative humidity aspredictors.A separatecorrectionfor lower layerswas
introduced,thatalsousesthepressuredifferencebetweentheactualpressureand800hPa. Figure3 compares
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Figure 2: Temperature (thick solid: all data, thick dotted: rain areas)and specifichumidity(thin solid: all data, thin
dotted:rain areas)short-rangeforecasterror correlationsobtainedfromNMC-methodwith respectto levels1000(a, b),
500(c, d), 200hPa (e, f) for thewholeglobe(a, c, e)andtheTropics(b, d, f).

thegloballyaveragederrorstandarddeviations(Fig. 3a)andthosefor theTropics(Fig. 3b). TheNMC-profiles
areincludedaswell. As is the casefor theerror correlations,the differencebetweenrain coveredareasand
clearskiesis not significantregardlessof theemployedmethodandindependentof latitudeband.Again, this
resultdoesnotadvocateadistinctionof backgrounderrorsinsidevs. outsideprecipitationgiventheoperational
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Figure 3: Relativehumidity background error standard deviation (Rabier et al. 1998, RA98), thick solid: all data,
thick dotted: rain areas;NMC-method,thin solid: all data, thin dotted: rain areas)short-range forecasterror standard
deviationsfor thewholeglobe(a) andtheTropics(b).

formulation.

3 4D-Var analysisevaluation

Severalthree-monthsexperimentswererunto evaluatetheimpactof theTCWV pseudo-observationsin clouds
andprecipitationon analysesandforecasts.The experimentswerecarriedout with theECMWF forecasting
systemcycle CY29R2.CY29R2is thefirst operationalmodelversionin which therain assimilationis active.
Table1 summarizestheexperimentnamesandcharacteristics.TheNEWOPSandNEWOPS� NORAIN ex-
perimentsfollow theoperationalconfigurationin thatthereare4 analysesperday, namelytwo shifted12-hour
assimilationwindow (between9-21and21-9UTC; delayedcut-off dataassimilation,DCDA) analyses,aswell
astwo 6-hourassimilationwindow (early delivery dataassimilation,DA) analysesvalid at 00 and12 UTC.
The former producethe first-guessfields for the latter andonly theDA analysesinitialize themedium-range
forecasts(Haseler2004).To limit thecomputationalcost,theRAIN andNORAIN experimentswereconfigured
suchthatonly two DCDA analyseswereperformedperdayto initialize themedium-rangeforecasts.

3.1 Observation statistics

Figure4 shows a time seriesfrom RAIN between08-10/2004of 4D-Var first-guess(FG) andanalysis(AN)
departurebiasesandstandarddeviationsfor theNorthernhemisphere(30-60N,Fig. 4a),theTropics(30S-30N,
Fig. 4b) andtheSouthernhemisphere(30-60S,Fig. 4c), respectively. Thedeparturesarevery stableandshow
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Table1: Summaryof rain assimilationandcontrol experiments.
Experimentidentifier Type Period
RAIN DCDA analysis 08-10/2004
NORAIN DCDA analysiswithout rainassimilation 08-10/2004
OLDOPS DA+DCDA analysis(operations) 04/2005-06/2005
NEWOPS DA+DCDA analysis(operations) 07/2005-present
NEWOPS-NORAIN DA+DCDA analysis(operations)without rainassimilation 23-31/08/2005

thatonly in theTropicsa small biasof 0.4 kgm� 2 remains,which correspondsto about18% of thestandard
deviation andabout6-8% of the total TCWV amounts. In mid-latitudes,the biasesarenearlyzero. In the
winterhemisphere,thestandarddeviationsaresmallerby 50%thanin thesummerhemispheredueto thelower
abundanceof moisturein theatmosphere.Thisresultconfirmsthattheobservationoperator, thebiascorrection
(that is only appliedto radiances),andthe1D-Var retrievals performwell andstabley so that no secondbias
correctionprior to theassimilationof TCWV in the4D-Varanalysisis required.

For themonthof September2004(RAIN), theglobalTCWV statisticsshow aFG(AN) meandepartureof 0.29
(0.09)kgm� 2 andFG (AN) departurestandarddeviation of 1.59(1.09)kgm� 2. Themeanobservationerror is
1.94kgm� 2. Thesamplesizeis 1,472,320.

3.2 Analysis increments

At thisstage,theassimilationof SSM/I radiancesin rainaffectedareasonly producesmoistureincrementsthat
areexpectedto modify the hydrologicalcycle in the modelandchangedynamicalpatternsto accommodate
theredistribution of moisture.This impactis not carriedout throughthebackgrounderrorcovariancestatistics
becausenocross-correlationsexist betweenmoistureanddynamics.Thefeedbackcanonly beproducedby the
4D-Var thatestablishesthedependenceof theanalysison the temporalevolution of thecontrol vectorduring
theminimization.

Figure5 shows a three-monthaverageof normalizedTCWV differencesbetweenRAIN andNORAIN from
the analyses(Fig. 5a), the 24-hour(Fig. 5b), 48-hour(Fig. 5c), and72-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/forecaststo show the relative impact and to
avoid thattheeffect in mid-latitudeareasis underestimateddueto thelowermoistureabundance.Thehatched
areasin Fig. 5 indicatewherethedifferencesarestatisticallysignificant.Thesignificancewascalculatedwith
a t-testappliedto theTCWV-differencesagainstthe0-differenceandwith a5%significancelevel.

Themeananalysisincrementdifferencesclearlyidentify areasof meandrying alongtheWesterncoastsof the
AmericanandAfrican continents,theNorth Atlantic andPacific andthelatitudebandbetween30-50degrees
South.Positive differencesaremorelocalizedjust off theITCZ andSouthof 50 degreesin theIndianOcean.
Theamountsareof theorderof a1-3%; largeramountsof -5 to -10% areobservedratherlocally at10degrees
Southoff theWesterncoastsof SouthAmericaandAfrica. Themoisteninggenerallyremainsbelow 5%.

The 4D-Var moistureincrementdifferencesarefairly similar to thoseproducedby the 1D-Var (Baueret al.
2006a,their Fig. 14a)even thoughthe latter show morespatialdetail becausebecausethe 1D-Var retrievals
are spatially independent.Someareasof local 1D-Var moisteningin very dry subtropicalregions are not
reproducedin the4D-Var analyses.Theglobal4D-Var picturegeneratesa netdrying of theatmospherewhile
the 1D-Var global statisticshadrevealeda 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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Figure 4: Time seriesbetweenAugust1 andOctober15 of TCWVfirst-guess(FG) andanalysis(AN) meandepartures
(∆) anddeparture standard deviations(σ ) for Northernhemisphere (a), Tropics(b), andSouthernhemisphere (c) from
experimentRAIN. Unitsare kgm� 2.
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Figure 5: Meannormalizedanalysis(a) and1-day(b), 2-day(c), 3-day(d) forecastdifferenceof TCWVbetweenRAIN
andNORAIN experimentsfor periodAugust-October2004. Units are in % andcrossesindicatestatisticalsignificance
(95%significanceintervalwith t-teston analysisdifferencesagainst0-difference).

andtemperatureserved asa control variable,while they arecombinedto a scaledrelative humidity control
variablein 4D-Var (Anderssonet al. 2005). In areasof cloudsandprecipitationwherethe observationsare
mostlyassimilated,therelative humidity is usuallynearsaturation.Thebackgrounderror formulationin 4D-
Var implies a non-linearbehaviour in that moisteningin nearlysaturatedareasis stronglypenalized(small
backgrounderrors)while dryingis lesspenalized(largerbackgrounderrors).Nearsaturation,anegativeTCWV
incrementproducedby the1D-Var will thereforepersistthroughthe4D-Var analysiswhile a positive TCWV
incrementmaybesuppressed.

Figures5b-dshow how theanalysisincrementsarepropagatedinto theforecast.Again,meanincrementdiffer-
encesbetweenRAIN andNORAIN areshown. Fromthis illustration,thememoryof themoistureincrements
from therainassimilationseemsto lastlongerfor thedriedareas(3+ days)andshorterfor themoistenedareas
(1-2days).Theexplanationfor this is thatthemoistincrementswill acceleratecondensationandproducemore
precipitationthat removesthemoisturefrom theatmosphere.This canbeseenin Fig. 6 thatshows themean
differencesof theforecastedprecipitation(in mm) between24 and96 hours.Thepatternsarerathernoisybut
thesmallerimpacton precipitationin areasof TCWV-reductionthanin areasof moisteningcanbeidentified.
The differencesaregenerallymorenoisy in the Southernhemispherebecauseof the moreactive large-scale
diabaticprocessesduring winter. As alreadynotedfrom the 1D-Var analyses,the global impacton the pre-
cipitationbudgetis smallwhich meansthatthehydrologicalcycle in termsof globalmeanprecipitationis not
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Figure 6: Mean24-houraccumulatedprecipitationforecastdifferencefor 1-day(a), 2-day(b), 3-day(c), and4-day(d)
forecastsbetweenRAIN andNORAIN experimentsfor periodAugust-October2004.Unitsarein mmandcrossesindicate
statisticalsignificance(95%significanceintervalwith t-teston analysisdifferencesagainstzero-difference).

significantlychanged.

Figure7 shows the impactof theprecipitationassimilationon theanalyzeddivergentwind componentat 850
hPa. Again, thestatisticalsignificanceis indicatedby hatchedareas.Regionsof systematicconvergencematch
well with thosewherethe meanmoistureincrementsarepositive, that is in the southernandtropical Indian
Oceanandthenorthernpartof theSPCZ.Themostintenselydriedareas(off westerncoastsof SouthAmerica
andAfrica) show stronglocal divergencethat is statisticallysignificant.As mentionedbefore,this connection
betweenmoistureandconvergenceis a productof 4D-Var andwould not bereproducedwithin, e.g.,a 3D-Var
system.However, thepatternsareconfinedto limited areaswhich maysuggestthat the large-scaledynamical
featuresarenot very stronglyaffected. This would meanthat an evaluationof forecaststhat is mostlybased
ontheassessmentof key parametersassociatedwith large-scaledynamicsmayshow asmallimpactof therain
assimilationon forecastskill.

3.3 Sensitivity to observations

It is convenient to estimatethe individual impact of observations inside a dataassimilationsystemthat is
constrainedby a largenumberof diverseobservationsby evaluatingtheinformationcontentthat is associated
with anindividualobservation.Recently, thisconceptwasformalizedbasedontheECMWFanalysissystemin
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0.3m/sMean RAIN-NORAIN Divergent Wind 850 hPa: Analysis

Figure 7: Mean 850 hPa divergent wind componentdifferencefrom RAIN and NORAIN analyses. Calculatedover
periodAugust-October2004. Crossesindicatestatisticalsignificance(95%significanceinterval with t-teston analysis
differencesagainst0-difference).

termsof theso-called’self-sensitivity’ estimationthatis basedon theinfluencematrix (Cardinaliet al. 2004).
Thismatrixquantifiesthesensitivity of theanalysisvalueto individualobservations.Moreover, thetraceof the
influencematrix providesthe total informationcontentfrom which the informationcontent(herein termsof
thedegreesof freedomof thesignal,DFS) of eachobservationtypecanbederived.

Table 2 summarizesthe DFS of eachobservation type from a single analysis(August 27, 2005, 00 UTC)
in the RAIN experiment. Note that the DFS is the convolution of the information contentper observation
with the numberof observationsper observation type. Observation typeswith large datavolumestherefore
show comparablylargecontributionssuchasAtmosphericInfraredSounder(AIRS) andAdvancedMicrowave
SoundingUnit (AMSU-A) satellitedata.However, theTCWV observationsexhibit a significantcontribution
persingleobservationthatis about4 timeslargerthanclear-sky SSM/I radiances,1.5timeslargerthanAMSU-
B and2 timeslarger thanHIRS data.Moreover, thepatternof thegeographicaldistribution of high influence
(not shown here)resemblesthe precipitationdistribution and also shows larger spatialvariability than the
influencemapsof clear-sky satelliteobservations.
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Table2: Informationcontent(DFS in %) per observationtypein 12 UTC analysison August27, 2005,fromNEWOPS
(GOES:GeostationaryOperational EnvironmentalSatellite, AMSU:AdvancedMicrowaveSoundingUnit, HIRS:High-
resolutionInfraredSounder, AIRS:AtmosphericInfraredSounder, SSM/I:SpecialSensorMicrowave/ Imager).

Observationtype 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

Forecastevaluationis generallycarriedoutwith modelanalysesasa reference.However, this sectionwill also
includeanevaluationwith respectto observationsthatcanbeconsideredaccurateandrepresentative. Figure8
shows the 3-monthaveragerelative humidity root meansquareerror (RMSE) differencebetweenRAIN and
NORAIN. TheRMSE’swerecalculatedfrom theforecastedfields,FC, andtherespective analyzedfields,AN,
with:

RMSE � 0
1
N ∑

N 1 FC � AN 2 2 3 1� 2
(3)

RMSEsareheredisplayedaszonalcrosssectionsof relative humidity for the24, 48, 72, and120-hourfore-
casts.Negative RMSE-differencesidentify a betterperformanceby RAIN andpositive differencesshow better
NORAIN forecasts.RAIN performsbetterthroughouttheTropicsbetween40S-40Nandall modellevels.The
RMSE-differencesareabout5%andlesswith respectto therelative humidityRMSE’sof theNORAIN exper-
iment that areoverplottedasisolines. A small negative impactof the rain assimilationcanbe observed near
thesurfacebetween40S-60Swhich is relatedto the areaof strongmoisteningin theSouthernIndianOcean
(seeFig. 5). This areais affectedby strongsurfacewinds. A potentialmodelbiasat high wind speedsmay
influencethe1D-Var retrieval andthereforedegradetheanalysis.This possibilitywill be further investigated
in thefuture. In any case,thememoryof therainassimilationvanisheswith increasingforecastlengthandbe-
comesverysmallatday5. Figure9 showssimilarstatisticsfor temperatureandrevealsthatRMSE-differences
arevery smallbut againa slightly negative impactnear500hPa between40S-60Sis noted.For temperature,
it is not obvious that this deteriorationis initiatednearthesurfaceandit quickly dissipatesafter24-48hours
(Figs.9c-d).

Figures10-12show theRAIN andNORAIN RMSEforecastscoresfor relative humidity, geopotentialheight
andwind vector, stratifiedinto Northernhemisphere(N.Hem.,30N-90N),Southernhemisphere(S.Hem.,30S-
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Figure8: Zonalmeanrelativehumidityforecastskill (asnormalizeddifferenceof rootmeansquareerrorsbetweenRAIN
and NORAIN) for 24-hour (a), 48-hour (b), 72-hour (c) and 120-hour(d) forecasts.Calculatedover period August-
October2004againstownanalysis,respectively. IsolineshowNORAIN relativehumidityroot meansquareerrors.

90S),Tropics(30S-30N)andNorthernPacific (N.Pac.,20-75N,140E-120W).Only levels at 1000,700,500,
and200hPaareshown. Theforecastswereagainverifiedagainstown analysesandaredisplayedas:

score � 100 � RMSERAIN � RMSENORAIN

RMSENORAIN � (4)

The error barsrefer to the 95% significancelevel that wascalculatedfrom a t-testof the RMSE-difference
againstzero. The figuresshow that dependingon areaandlevel, a large variety of resultsareobtainedwith
bothpositive andnegative differences.In mostcases,thestatisticalsignificancedisappearsafter3-4 daysfor
geopotentialandwind vector. For relativehumidity(Fig.10)andat1000hPa,the12-hourforecastperformance
is between1-3% worsefor all areas. This negative scoredissipatesafter 24 hours. At higheraltitudesthe
performanceis more neutral. As was seenin Fig. 8, the relative humidity scoresare positive at 700 hPa
throughout the10-dayforecastin theTropics. Also theotherareasexhibit betterperformanceby RAIN than
NORAIN, however thescorestendto becomeneutralafter3-4days.This signalis not seenin thegeopotential
heightforecasts(Fig. 11). Despitethefactthatthesearemorenoisybeyond72 hours,theshort-rangeforecast
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 thewind vectors(Fig. 12) with better
scoresin theTropics(24-96hours,700-1000hPa)andratherneutralscoreselsewhere.

The forecastskill of tropical cyclonetrackswasinvestigatedseparatelyfor the ratheractive Atlantic systems
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Figure9: AsFig. 8 for temperature(in K).

over theperiodof August-September2004.Themeansandstandarddeviationsof thecyclonecentrepressure
differences,∆p andthecentrelocations,∆d, werecalculatedusinga cyclonetrackingsoftware(vanderGrijn
2002). The tracking algorithm currently in useat ECMWF is basedon the identificationof the cyclone’s
centre. The searchfor the centreis usuallyperformedin a box or radiusarounda first-guesslocation. The
first-guesslocation is obtainedby extrapolatingpasttrack positionsor by advectionof the cyclonewith the
steeringflow. In our analysis,between40 and80 track forecastswereevaluatedfor 1-5 day forecastsaswell
asthe modelanalyses.A generalfeatureof global modelanalysesandforecastsof thesesystemsis that the
analysesproducetoohighcentrepressuredueto thelimited modelspatialresolution,in particularasemployed
in theminimization(80-120km). This overestimationof centrepressurereducesduring the forecastbecause
theforecastis carriedoutat thehighestmodelresolution(here40km).

Figure13summarizes∆d (Fig. 13a),∆p (Fig.13b)for theavailablenumberof cases(Fig. 13c).Bothmeanand
standarddeviationsfor experimentsRAIN (solid) andNORAIN (dotted)areshown. Thesamplesizereduces
with increasingforecastlengthbecausecyclonesmay dissipateand the tracking routine fails in identifying
the weakening centreof the cyclones. Mean location errorsincreasefrom 100 km to 550 km. This error
mainlyconsistsof analong-trackerrorbecause,apartfrom centralpressuresbeingsystematicallytoohigh,the
systems’speedis generallytoolow andtheforecastedcycloneslagbehindtheobservedpaths.For both∆p and
∆d no significantdifferencebetweenthetwo experimentscanbeidentifiedbecausetheslight improvementin
mean∆d (24-72hours)in RAIN is well withing thestandarddeviation. However, over thisperiodthestandard
deviation in ∆d is smallerby about20-50%in RAIN whichmaybeinterpretedasanimprovement.
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Figure10: Normalizedroot meansquare relativehumidityerror differencebetweenexperimentsRAIN andNORAIN for
Northernhemisphere(N.Hem.),Southernhemisphere(S.Hem.),TropicsandNorthernPacific(N.Pac.) andfor 1000,850,
500,200hPa levels.Error bars indicate95%(t-test)confidenceintervals.Calculatedover periodAugust-October2004
againstownanalysis,respectively.
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Figure11: AsFig. 10 for geopotentialheight.
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Figure12: AsFig. 10 for vectorwind.

TechnicalMemorandumNo. 488 19



1D+4D-VarAssimilationof PrecipitationAffectedMicrowaveRadiances:4D-Var

The4D-Var tropicalcycloneanalysisperformancein comparisonto dropsondeobservationsin theregion15N-
40N and50W-100Wis displayedin Fig. 14. Figure14a-bshows thefirst-guess(thick) andanalysisdeparture
meansandstandarddeviationsof wind (∆w, σw) andtemperature(∆T , σT ; Figs.14c-d)betweenRAIN (dotted)
andNORAIN (solid) for 08-10,2004. The samplesize is 600-7,500asa function of altitudeanddoesnot
significantlychangebetweenexperiments.While first-guessσw’s areslightly smallerbetween450 and1000
hPafor NORAIN, biases,∆w, arelargerthroughoutthetroposphere.Secondly, theanalysisstandarddeviations
are very similar while the biasesof NORAIN remain larger. For temperature,a similar but much weaker
behaviour is observed.Again, thebiasesin NORAIN remainlargerafterthe4D-Var analysis.

Similar statisticshave beencalculatedfor hurricaneKatrinathatcausedimmensedestructionin thesouth-east
of theUS in lateAugust2005.In Fig. 15,experimentNEWOPSrefersto theoperationalmodelconfiguration
thatincludestherainassimilationwhile experimentNEWOPS² NORAIN representsacopy of NEWOPSwith
adeactivatedrainassimilation(seeTab. 1). Here,NEWOPSproducessignificantlysmallerfirst-guessstandard
deviationsin wind andslightly smalleronesin temperature.Analysisbiasesareslightly worsefor NEWOPS.
In summary, RAIN producesbetterbiasesand,at leastin the caseof hurricaneKatrina, NEWOPSproduces
muchbetterstandarddeviations.

Table3 summarizesthestatisticsof independentTCWV retrievals from JasonMicrowave Radiometer(JMR)
thatwaslaunchedon theJason-1satellitein December2001for providing observationsrelatedto air-seainter-
actionsthroughcombinedradiometer-altimetermeasurements.Theradiometercarriesthreechannelsat 18.7,
23.8,and34.0GHzandpointsin nadirdirection.Theradiancemeasurementsareusedto correctfor theexcess
pathdelaythroughtheatmosphereexperiencedby theradaraltimetersignaldueto watervapourandsuspended
cloud liquid water. The pathdelayis equivalent to an estimationof TCWV andcloud liquid waterpathand
can thereforebe usedfor an independentevaluationof modelTCWV. The statisticsin Tab. 3 representthe
September2005TCWV meansof JMR retrievals, ECMWF modelanalysesfrom cyclesC29R1(OLDOPS,
prior to rain assimilation)andCY29R2(NEWOPS), the biases,standarddeviationsandcorrelationsof each
modelversionwith respectto JMR-derivedTCWV, respectively. For all areas,biasesandstandarddeviations
arereducedby about10%andcorrelationsareincreasedwhentherain assimilationis present.Similar figures
wereobtainedfor August2005(notshown here).Generally, themodeltendsto overestimateTCWV by ³ 0.5-1
kgḿ 2 in thewinterhemisphereandtheTropicsandby ³ 1-1.5kgḿ 2 in thesummerhemisphere.Thesepat-
ternscorrespondto theextensivenegativeTCWV incrementsproducedby therainassimilationthatareevident
in Fig. 5ain theseareasfor theperiod08-102004.

5 Discussion

This paperpresentsthe resultsof the implementationof the 1D+4D-Var assimilationof rain affectedSSM/I
radiancesat ECMWF. The first part of the paperdescribedthe implementationof the 1D-Var algorithmthat
retrieves TCWV in the presenceof cloudsand precipitationover oceansusing microwave radiances.The
secondpartfocusedon theglobalmodelanalysisandforecastperformancewhenthesenew observationswere
included.

An importantresultis thata globalrain assimilationis feasiblein termsof computingtime andstability. With
50-80,000active rain observationsin our configuration,thetotal increasein computingtime is of theorderof
5-10%within the entire4D-Var analysis.No 4D-Var minimizationproblemshave beennoted. In this case,
the implementationof a two-stage1D+4D-Var assimilationis clearly advantageousbecausethe non-linear
1D-Var and multiple screeningstagesbeforeand after the 1D-Var permit betterprotectionfrom instability.
Futuredevelopmentstowardsthedirectassimilationof rainaffectedradianceswill show how stringentthedata
screeninghasto become.
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Figure 13: Meanandstandard deviationsof Tropical cyclonelocationdistanceerror ∆d (a; in km)andmeansea-level
pressureerror ∆p (b; in hPa) andnumberof forecasts,respectively, for experimentRAIN andNORAIN. Error barswere
offsetby µ 1 hour with regard to valid forecasttimeto highlightdifferences.
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Figure 14: Biases,∆ and standard derviations,σ , betweendropsondeobservationsand modelfirst-guess(thick solid,
thick dashed)or modelanalysis(thin solid, thin dashed)for experimentRAIN and NORAIN. Wind speedbias (a) and
standard deviation (b), temperature bias (c) andstandard deviation (d) for period August1 - October30, 2004,in the
Caribbean.

TheTCWV observationstatisticsshowedthatthey arealmostunbiasedsothattheonly biascorrectionto beap-
pliedis thecorrectionto radiancesbeforethe1D-Var. Mostof thesystematicmoistureincrementstructuresthat
wereproducedby the1D-Var remainafter the4D-Var analysis.Thedefinitionof moisturebackgrounderrors
nearsaturationcausespositive incrementsto besmaller, lesswidespreadandto dissipatefasterin theforecast
throughprecipitation. Globally, the modelspin-down, that is the excessive generationof precipitationfrom
systematicmoisteningof theloweratmospherein theanalysis,couldbereduced.Areaswith systematicdrying
persistedlongerthroughouttheforecasts.In all caseshowever, themean4D-Var incrementsamountedto less
than5% of thetotal TCWV abundance.The forecastedprecipitationpatternsresembletheTCWV increment
structuresbut show increasingnoisewith increasingforecastlengthwhenthe rain assimilationis compared
to a control experiment. In areaswith large spatialextensionof systematicTCWV incrementstructuresthe
divergenceincrementsfollowedthemoistureredistribution indicatinganactive feedbackbetweenmoistureand
dynamics.

Forecastevaluationshowed positive relative humidity scoresin the Tropicsnear700 hPa wherethe primary
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Figure 15: As Fig. 14 for modelversionsNEWOPSand NEWOPS¶ NORAIN in period August23-30,2005,tropical
cycloneKatrina in theCaribbean.

analysissignalis produced.Nearthesurface,somelocal negative performanceswereobserved but they only
lastedfor 12 hours.Thegeopotentialheightforecastsin theSouthernhemispherewereslightly negative at all
selectedlevels pastday 2 (neutralto positive before). However, the noisein scoredifferencesbetweentwo
experimentsstronglyincreasedpastday3-4 thusthestatisticalsignificanceof meandifferenceswasreduced.

The skill in tropical cyclone forecastswas rathersimilar betweenthe rain assimilationexperimentand its
control given the inherentforecastvariability. However, meancyclonelocationwasslightly improved in the
rain assimilationexperimentwhile forecastvariability (locationstandarddeviation) wasmuchsmallerthanin
the control. The evaluationof wind and temperatureanalysesusingdropsondeobservationsin the vicinity
of cyclonesshowed neutral-to-betterperformanceof the rain assimilation. Comparisonof model analyses
with independentsatellite-derived TCWV exhibited a 10% improvementwith the modelcycle that contains
rain assimilation.The regionsof greatestimprovementcorrespondto the areasof largestsystematicTCWV
incrementsintroducedby therainaffectedobservations.

Wehavenotpresentedadedicatedvalidationof 1D-Varprecipitationanalysesor 4D-Varprecipitationforecasts
at this stage.This is for severalreasons:
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Table3: JMRTCWVretrieval andmodelanalysiscomparisonfor September2005.Unitsare 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 1.5713 1.8157
Correlation 0.9943 0.9903 0.9876 0.9849 0.9894 0.9907 0.9909 0.9537

Theradiancedeparturesthatprovide theobservationalconstraintin the1D-Varassimilationaremainly related
to the integratedliquid waterpathof precipitationsinceonly the first threeSSM/I channelsareused. The
radiancedeparturestandarddeviations are reducedby a factor of four after the analysisand the biasesare
insignificant.Thissuggestsamuchbetterfit of totalwaterpathafterthe1D-Varonaverage.Thefreezinglevel
heightis linkedto thetemperatureprofile thatis ratherwell predictedby theglobalmodel.Thismeansthatthe
retrieved surfacerain rateis betterthanthe first-guessrain ratesincethe rain profile doesnot exhibit a large
verticalvariability (seealsoradiancevs. rainrateassimilationby Moreauetal. 2003).This is furthersupported
by the fact that alsoin the upperfour channelsthe 1D-Var analysisdeparturebiasesandstandarddeviations
arebetterthanthefirst-guessones.While this is only an indirectvalidationthatwill beaffectedby modeling
errors,thecomparisonto rain retrievals from othersourceswill suffer from differentsamplingandadditional
retrieval errorscontainedin thederivedreferenceproducts.

The meanrain increments(Baueret al. 2006a)are rathersmall so that, given the uncertaintiesof oceanic
rain products,the relative differencebetween1D-Var first-guessesandanalyseswill not producestatistically
significantoffsetsto the availablereferencedata. The ECMWF modelproducesforecastswith accumulated
rainamountsover 12-24hourperiods.Theseaccumulationsareproducedon a 40 km grid andwith 15 minute
timesteps(to be25 km and12 minutetimestepswith thenext modelcycle). Weperformedvariousintercom-
parisonswith continentalaccumulatedrain productson a daily basisand,say, 1-degreegrids (radarnetwork
dataover the US, daily rain-gaugeproductover Australia). Theseintercomparisonsproducedlittle evidence
of a meanimprovementor deteriorationof land surfacerainfall by the rain assimilation. Over oceans,only
TRMM PRdatacouldbeconsideredareferencedatasetbecauseall otherproductssuffer from greaterintrinsic
uncertaintiesthanforecastdifferencesto beidentified.However, evena TRMM PRproductis generatedfrom
averydifferentsamplingstrategy (narrow swath,about0-2overpassesperday, instantaneousestimateat4 km
resolution)sothatdifferencesin representingarea-averagedandaccumulatedprecipitationoverwhelmrelative
differencesbetweentwo modelexperiments.

Giventhecomplexity of thesystemandthepotentialdestabilizationof the4D-Varanalysisby theassimilation
of observationswhereonly few other observationsare presentand wherestrongnon-lineareffects may be
producedby themoistureanalysis,thecurrentimplementationmustbeconsidereda greatsuccess.As to date,
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this is thefirst globaloperational4D-Var systemthatemploys rain affectedobservationsfrom satellites.The
impacton theanalysisis significantandsimilaror largerthanthosefrom HIRS,SSM/IandAMSU-B sensors.

Apart from technicaldetails,future areasof improvementsare linked to the direct assimilationof radiances
becausetheentire4D-Var observation operator(includingdynamics)would be involved in theminimization.
Thismayrequirealist of othersubstantialchangesto thesystemsuchasthechangeof thecontrolvariable(from
relativehumidityto totalwater),ahighermodelresolutionandtheactivationof moistphysicsparameterizations
earlierin theminimization. Thesemodificationswill imposemorecomputationalcostandpotentiallya more
restrictive or moreoptimaldatascreening.However, thesedifficultieswill becompensatedby theassimilation
of rain affectedobservationsthat is consistentwith otherradianceobservationsandthatwill producea more
balancedinteractionbetweenmoistureinformationandmodeldynamicsin thefour-dimensionalanalysis.
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Hollingsworth,A., andP. Lönnberg, 1986:Thestatisticalstructureof short-rangeforecasterrorsasdetermined
from radiosondedata.Part I: Thewind field. Tellus,38A, 111–136.

Haseler, J.,2004:Theearly-delivery suite.ECMWFTechnicalMemorandum,No. 454, 35pp.

Krishnamurti,T.N., andH.S.Bedi,1996:A brief review of physicalinitialization. Meteorol. Atmos.Phys.,60,
137–142.
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