WNANYIOWIW TVOINHOLL

487

Implementation of 1D+4D-Var
Assimilation of Precipitation
Affected Microwave Radiances at
ECMWE, Part |: 1D-Var

Peter Bauer®, Philippe Lopez?!, Angela
Benedettil, Deborah Salmond?! and
Emmanuel Moreau 2

Research Department

LEuropean Centre for Medium-Range Weather Forecasts, UK
2NOVIMET, France

Accepted for publication in Quart. J. Roy. Meteor. Soc.

February 2006

A European Centre for Medium-Range Weather Forecasts
Europdisches Zentrum fir mittelfristige Wettervorhersage

w Centre européen pour les prévisions météorologiques & moyen terme



Series: ECMWF Technical Memoranda

A full list of ECMWEF Publications can be found on our web site under:
http://ww. ecma . int/publications/

Contact: library@ecmwf.int

(©Copyright 2006

European Centre for Medium-Range Weather Forecasts
Shinfield Park, Reading, RG2 9AX, England

Literary and scientific copyrights belong to ECMWF and are reserved in all countries. This publication is not
to be reprinted or translated in whole or in part without the written permission of the Director. Appropriate
non-commercial use will normally be granted under the condition that reference is made to ECMWF.

The information within this publication is given in good faith and considered to be true, but ECMWF accepts
no liability for error, omission and for loss or damage arising from its use.


http://www.ecmwf.int/publications/

1D+4D-Var Assimilationof PrecipitationAffectedMicrowave Radiances1D-Var cECMWF

Abstract

This paperpresentghe operationalimplementationof a 1D+4D-Var assimilationsystemof rain affected
satelliteobsenationsat ECMWE Thefirst partdescribeshe methodologyandperformancenalysisof the
1D-Var retrieval schemdn cloudsand precipitationthat usesSSM/I microwave radianceobsenationsfor

theestimationof total columnwatervapor Thesecondyartshovstheglobalandlong-termimpactof these
obsenationson bothmodel4D-Var analysesandmedium-rangdorecasts.

The 1D-Var schemeemploys a complex obsenation operatorthat consistsof linearizedmoist physicspa-
rameterizatiorschemes&nda multiple scatteringadiative transfermodel. The obsenation operatorshavs
aratherlinear behaior in mostsituationsexceptin the presencef very intenseprecipitationsuggesting
possibleuseevenfor a directassimilationof radiancesn 4D-Var. A biascorrectionandobsenation error
estimatiormethodwereimplementedindindicatestableerrorbehaior. The 1D-Varalgorithmquality con-
trol shaws the largestfailure numberin areaswith mostly frozen precipitationwherethe SSM/I channels
have little sensitvity to changesn hydrometeorcontents. From testanalyseson a global scale,a small
moistureincreasewas computedthat was greatestn dry subtropicalareas. Large-scaleand corvective
precipitationwere increasedsimilarly but shoved a significantly differentgeographicatistribution. The
large-scalgrecipitationschemeéhasa strongersensitvity to moisturechangesndthereforemoistureincre-
mentsmainly affect stratiform precipitationdistributions. While the global meanmoisturefields are only
weakly affectedby the assimilationof rain affectedobsenations,theimpacton local systemsnay be quite
large. Theforecasbf synopticsystemdevelopmenthroughthe 4D-Var analysiscanbe significant.

1 Intr oduction

Thefocusof thistwo-partpaperis theimplementatiorof arain assimilationframeavork in theglobalmodeling
systemat ECMWEF. This purposeprescribeslreadythe choiceof methodologieso be emplo/ed andthe defi-

nition of someconstraintgivenby the existing modelconfiguration Firstly, ECMWF operatesnincremental
formulation of a four-dimensionalvariational (4D-Var) dataassimilationsystemwith four analyseger day,

namelytwo 12-hourassimilatiorwindow andtwo 6-hourassimilationwindow ones. The former producethe
backgroundields for the latter while the latter producetwo 10-dayforecastdnitialized at 00 and12 UTC,

respectiely. A vastsetof obserationsareassimilatedf which about98% originatefrom satellitedata. These
arealmostexclusively screenedor cloud andrain contaminationexceptfor thosesounderchannelghat are
not sensitve to themid to lower troposphereThis producesananalysisbiasin termsof datacoveragetowards
cloud-freeareaghatarethereforemuchmorestronglyconstrainedy obserationsthancloudyandrain affect

regions.

The assimilationof rainfall obserationsin numericalweatherprediction(NWP) modelshasbeencoveredin
variousresearchstudiesover the last 20 years. The mostapparenissueswhendealingwith this new type of
obsenrationsare(1) the choiceof rain-relatedobseration treatmentandthe estimationof its errorcharacteris-
tics (e.g. Errico etal. 2000),(2) the interactionwith the moistphysicsparameterizatioschemesn themodel,
in particulartheir possiblynon-linearresponseo constraintsntroducedby the obserations(e.g. Fillion and
Errico1997),and(3) theresponsef themodeldynamicghatis thetrade-of betweerthedesiredmprovement
of moisturedistributions throughmodificationof divergencefields and the unwantedeffect of, for example,
gravity wave excitation by unbalancingocal dynamics(e.g. Fillion 2002). Details of theseissuesthat are
relatedto the variationalassimilationof rain obsenationsin the presentmodel configurationwith respecto
otherstudieswill bepresentedn partll of this paper(Baueretal. 2006a).

At ECMWEF, new satelliteobsenationshave beenassimilatedhroughone-dimensionavariational (1D-Var)
retrievals of intermediategparameterdeforea direct assimilationof electromagneticadiancesvasattempted
(e.g. Eyreetal. 1993, Phalippoul996). The advantageof this choiceis the bettercontrol of a non-linear
responseof the obseration operatorto changesn the atmosphericstateas well as the additionallevel of
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quality controlbeforedatais passedn to the 4D-Var system.For cloud obserations,1D-Var retrieval studies
have beencarriedout (Chevallier et al. 2002, Deblondeand English2003)that provide a lot of insightinto
obsenration operatorand minimization performancefrom flexible sensitvity testingthatis basedon global
modelstatistics.For rain obserationsMarécalandMahfouf (2000,2002)developeda similar approachusing
Tropical Rainfall MeasuringMission (TRMM) Microwave Imager(TMI) basedsurfacerain rate estimates.
Theirwork wascrucialfor all furtherstudiesat ECMWF becausenostof theissuedistedabove werediscussed.

Chevallier andBauer(2003)shavedthatmicrovave radianceshataresimulatedusingglobalmodelfieldsare
quite realistic. Later, the directuseof microwave radiancesnsteadof rain rate obserationswasestablished
in the variationalretrieval method(Moreauet al. 2002). A direct comparisorof radiancewith rain rate ob-
senationsin the 1D-Var (Moreauet al. 2003)revealsthatthe choiceof radiancesmainly senesto avoid the
dependencen sensoispecificretrieval algorithmsandto simplify the ratheruncertainerror estimation(e.g.
Baueretal. 2002). The developmentghatleadto the implementatiorwhich becameoperationabt ECMWF
onJune28, 2005,were (1) theimplementatiorof the 1D-Var radianceassimilationin modelgrid-pointspace
thatis activatedat eachtime step(currentlyl5 minutes)in theassimilatiorwindow, (2) theimprovementof the
obsenration operatorincludingits tangent-lineaandadjoint versions(3) extensve testingof its performance
with globalandlong-termdata,(4) theimplementatiorof quality control,biascorrectionandobseration error
formulation,(5) extensve testingof theimpactof theassimilationon globalmodelanalysesandforecasts.

This paperconsistsof two parts, the first being presentechereand the secondshaving the impact of total
columnwatervapour(TCWV) pseudo-obseations that were derived from the 1D-Var retrieval on the 4D-
Var analysesandforecasts.Section2 of this paperintroducesthe 1D-Var set-upand presentghe combined
moist physics-radiatie transferobseration operator The linearity of the operatoiis investigatedisingrealis-
tic perturbationghatmayleadto conclusiongegardinga potentialdirectassimilationof rain affectedpassie
microvave obsenationsin the 4D-Var analysis. Section3 describeghe dataprocessingncluding the bias
correctionschemeandevaluateghe performancef the 1D-Var algorithminsidethe ECMWF analysissystem.
Problematiccasesareidentifiedin which corvergenceproblemsoccuror unrealisticretrieval resultsare pro-
ducedandthathave to beenscreenedut. Thepapelis concludedy adiscussiorof thedevelopedmethodology
basedntheshavn results.

2 Algorithm

2.1 Optimum estimation

Theassimilationof radiancedatain precipitationrepresentsninversionproblemthatis notfully constrained.
If, for example,SpecialSensoMicrowave / Imager(SSM/I) or TMI-type microvave channelsare available

asobsenations,they represenbnly 2-3 statisticallyindependenimeasurement&.g. Bauer2001). Therefore,
large weightis put on the'a priori’ constraintghatarethe backgroundorofilesof temperatureandmoisture,
their error structure,andthe obsenration operatorthat may comprisemoist physicsparameterizationand a

radiative transfermodel. However, thefeasibility of a variationalframevork usingthis set-uphasbeendemon-
stratedandtestedwith variousradiometeichannekcombinationgMoreauet al. 2002,2003).

In thefollowing, theobserationsalwaysreferto radiancesneasuredy the SSM/I thatareexpressedsblack-

body equialentbrightnesgemperature$§TB’s) in units of degreesKelvin (K). The SSM/I hasses/enchannels
with dual polarizationmeasurementsat 19.35,37.0and85.5GHz, respectiely, andvertical polarizationmea-
surementat 22.235GHz. Hereafterthe channelswill bereferredto as19y, 19h,22yv, 37y, 37h,85v, and85h

to identify measuremerftequeng andpolarizationin a simpleway. Thelogical flow of the 1D -Var retrieval

is shavn in Figurel.
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Figure 1: Logical flow of SSM/Iradianceprocessingand 1D-Var retrieval.

In thevariationalretrieval (e.g. Rodgers2000),the optimumestimateof a statevector x, is obtainedusingan
obserationvector(TB’s), y°, plusadditionala priori information. Dueto the uncertaintieassociatedvith the
backgroundstate obserationsandthe obseration operatorH (thatmapsgeophysicabpaceontoobseration
space)therelationbetweenstateand obsenation spaceis usually describedoy probability densityfunctions
(pdf's). Applying Bayes'theoremandassuminghatthe errorsof backgroundstate x,,, andobserationsare
uncorrelatecand have a Gaussiarshapethe inversionproblemcanbe formalizedby the minimization of the
well-known costfunction, J:

1 _ 1 _
3(x) = 5(x=%y) "B (x=xp) + 5[y’ ~H)I'R [y~ H(x) (1)
with backgrounderror covariancematrix B and obseration error covariancematrix R. The latter includes
the modelingerror of operatorH thatis likely to be larger than the instrumentnoise of the SSM/I that is
typically betweer0.5-0.8K. Theissueof the specificatiorof errorsandtheir Gaussiardistribution shapewill
bediscussedn Section3hb.

Thenon-linearityof H is not necessarilyanissuein this implementatiorbecausehe variationalretrieval may

employ a non-linearminimization procedure.This represent&n adwantagefor large differencedfirst-guess
departureshetweery® andH(x,)). Thelinearity of theentireobsenration operatoris investigatedn Section2b

andthedeparturestatisticsareanalyzedn Section3a, respectiely.

In our application,the control vectorx containsvertical profiles of temperatureand specifichumidity on 60
modellevels, henceits dimensionof 120in the currentECMWF modelversion. The minimization of Equa-
tion (1) requireshegradientof J(x):

03(0) = B~ (x—x,) + HTR H(x) =y )

whereHT is the adjoint of the obsenration operator The quasi-N&vtonian (M1QN3) software developedby
(GilbertandLemaiéchal1989)is usedto performthe minimization.

Theminimizationis pre-conditionedor corvergenceimprovementby decomposing = EAET whereE is the
matrix of eigewvectorsof B andA\ is amatrix whosediagonalcontainsthe eigewvaluesof B. The statevectorx
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is transformedo k with forward andbackwardtransformations:

kK = NY2ET(x—x) (3)
= x,+EAY%k

sothatthe costfunctiongradientbecomes:
0J(k) = K+ AY2ETHTRH(x) —y°] (4)

Theabovetransformations appliedbeforeandaftertheminimization,respectiely, andis justifiedby therather
differentmagnitude®f departuregndbackgrouncerrorsof theseparameters.

2.2 Observation operator

The obsenation operatorcontainsmoist physicsparameterizatioschemesnda multiple-scatteringadiative
transfermodel. The moist physicsparameterizationsonsistof a large-scalecondensatioschemgTompkins
andJaniskva 2004) anda corvectionschemgLopezand Moreau2005). Both represenmodelsthat aim at
a similar performanceof the forward modelsasthe non-linearmoist physicsparameterizationemplo/ed at
ECMWF (Tiedtke 1989,1993). However, they represenmodelversionwhosesensitvity to perturbationof
theinput parametergs morelinearthanthatof the Tiedtke-parameterizatian This producesa morecontrolled
behaior in the minimization and avoids excessie incrementsthat may causecornvergenceproblems. The
multiple-scatteringadiative transfermodelis partof the RTTOV softwarepackagde.g. Saundergtal. 2005)
thathasbeenextensvely testedfor dataassimilationpurposedy Baueretal. (2006b).

Thecorvectionschemeepresentsubgrid-scal@rocesseandtreatsseveral corvectiontypes,namelyshallav,

mid-level and deepconvection, in a unified way. In contrastto previous modelsemplo/ed at ECMWE, the
tangent-lineaandadjointmodelsaccountor perturbation®f all convective quantitiessuchascorvectve mass
flux, updraughtharacteristicandprecipitationflux. Thelarge-scaleeondensatioschemeaiseshe convective

detrainmenprescribedy the corvectionmodelwith a similar precipitationgeneratiorformulation. Thecloud
schemeppliesa statisticaimethodfor thedescriptionof subgrid-scaleloudfluctuationsaffectingcloudcover
andcloudwater Subgrid-scaleariability of humidity is usedto provide animproved modelingof precipitation
evaporation.Theradiative transfermodelappliesthe Delta-Eddingtorapproximatiorto radiative transferthat
is widely consideredsuficiently accurateat microvave frequenciegSmith et al. 2002). The output from

the moist physicsparameterizations.e., cloud cover andprecipitationfluxesareusedto computecloud layer
opticalpropertiedbasedon pre-calculatedook-uptables.

The obsenration operatorrequiresmoreinput variablesthanthosecontainedn the controlvectorx. Thefull
setof parameterss referredto asthe statevector(seeTablel). It containsthe profilesof specifichumidity and
temperaturéwhich representhe control vector)aswell astheir tendencieplus suriacefields. Thesearethe
latentandsensiblédheatflux, the zonalandmeridionalcomponentsf wind stressand10-metewindspeedskin
temperatur@ndpressure2-metertemperature2-meterspecifichumidity and2-meterdewn-point temperature.
The moist physicsparameterizationproduceprofiles of fractionalcloud cover, cloud liquid andice wateras
well asliquid andfrozen precipitation. The hydrometeoprofilesrepresenthe input to the radiative transfer
modeltogethemwith the 10-metemwindspeedthe skin temperaturandbothtemperatureandmoistureprofiles.
Notethatonly thecontrolvectoris containedn thecost-functionin Equation(1) while statevectorcomponents
maybeaffectedby changesn thecontrolvectorduringminimizationbut do notaffectthecost-functiordirectly.

The accurag of the obseration operatorcan not be directly determinedoecausehe requiredin situ obser
vationsof all parametersare not available. The relative accurag of the moist physicsparameterizationis
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Table1: Input(l) andoutput(O) parametes of observatioroperator components.
Corvection Large-scaleeondensation Radiatve Transfer

Profiles:

Temperature
Specifichumidity
Temperaturéendenyg
Specifichumidity tendenyg
Detrainedcorvective cloudwater
Cloudwatercontent

Cloudice content
Cloudcoverfraction

Liquid precipitationflux (rain)
Frozenprecipitationflux (snaw)
Surfacefields:

Latentheatflux I

Sensibleheatflux [

Wind stresgzonal,meridional) I

10-metemwind speedzonal,meridional)

2-metertemperature

2-meterdew-pointtemperature

2-meterspecifichumidity

Pressure I I
Skintemperature

OO0 000 ——-—-
O00O00————-—

evaluatedfrom comparisorto the non-linearE CMWF cloud andcornvectionschemesThosehave beenevalu-
atedin the framework of globalmodelintercomparisorstudiesunderthe auspice®f, for example,the WMO
Working Group on Numerical ExperimentatiofWGNE) or the Global Enegy and Water Cyle Experiment
(GEWEX) Cloud SystemStudy(GCSS).Theradiative transfermodel’s main sourcef errorarethe approxi-
mationof radiationpropagatiorthroughbrokencloudsandtheassumptionsnadefor calculatingparticlesingle
scatteringproperties(e.g. for particlesizedistributions; Baueret al. 2006b). As a generallyapplicableerror
estimatdor dataassimilationanindirectmethodwasapplied(seeSection3b).

Theassimilatiorof rain-afectedmicrowvave radiancess new andtherefordittle work hasbeenpublishedonthe

performancef thecombinedmoistphysics- radiatve transferobserationoperator Apartfrom computational
efficiengy, themostfundamentaguestionis how linearly the obseration operatobehaes. Thisis particularly

importantif the operatoris appliedwithin incrementabvariationalassimilationsystems Thetestof the adjoint

codeis straightforward becausét only relieson a numericalcheckusingbothtangent-lineaandadjointcode
versions.Theinvolved adjointtestshave beencarriedout successfullyandwill notbereproducedere.

The linearity testsare basedon comparingthe output of the tangent-lineamodel with thosefrom finite-
differencecalculationsusingthe forward model. For exampletheratio:
H(X+ A dx) —H(X)
F =
AH(dx)

(5)

may be usedasa linearity measuran which dx representshe initial perturbationof the controlvectorandA
is ascalingfactor In thelinearcase scalingof the outputof thetangent-lineamodelshouldproducethe same
resultasthe scalingof theinputto theforward model.

Thescalingfactor A, usuallyspansseveral ordersof magnitudeto sampleall possibleperturbatiorsizes.The
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ox shouldberealistichecausetheoretically dx couldbechosertoo smallsothatevenrathemon-linearmodels
shawv a nearlylinear performance Errico and Raeder(1999)investigatedhe limitations of the tangent-linear
approximationto moist physicsparameterizationand pointed out the importanceof adequateaestingwith
realisticperturbationsys. infinitesimalones. In variationalanalysesthe perturbationsare of the orderof the
modeluncertaintiesvhich aresimilarto thefirst-guessiepartures.

In our casethe analysisminusfirst-guesgdeparturegrom the 1D-Var analysissene this purposebecauséehey
definetheimprovementof thefirst-guesstatethatwasachiezed by constrainingheretrieval with obserations
giventhedefinedmodelandobseration errors,respectiely. Therefore:

OX = Xa— X, (6)

which is scaledwith A rangingfrom 10~1° to 1 with incrementsof 10°. The linearity of the moist physics
parameterizationsomponenandthetotal obseration operatorcanbetestedseparatelySincex is the control
vectorit containgprofilesof temperaturandspecifichumidity. If only the moistphysicsparameterizationare
testedthe outputof H (x) consistsof profilesof hydrometeorsndcloud cover. F canthenbe displayedasa
functionof therespectie output,i.e., hydrometeocontentsor SSM/I channekadiances.

Figures2-4 shawv histogramf log, 5| 1—F | from 8,290profilesdistributedover globaloceangrom two model
analyseat00and12 UTC on DecembeB1,2004.1deally, F shouldapproactzeroandthe histogramsshould
shav the majority of the dataat very low values.If log,,|1—F| < 0, adecentlylinearregimeis achieed, and
for example,atlog,,|1—F| = —1, F would lie between0.9 and1.1 thatis a 10% disagreemerietweerthe
finite-differenceandthetangent-lineacalculations.

For rain (Figure 2), the distribution doesnot shav muchsensitvity to altitudewhich is becauserecipitation
is computedwith a diagnosticschemethatimmediatelyrains out the hydrometeorsncethey have formed.
For very small A, the resultsdeterioratedueto numericallimitations. For large A, the resultsdeteriorateas
well becausdhe larger perturbationgproducestrongemon-linearities.An optimumstatecanbeidentifiedfor
A =~ 10 thatproduceshe highestconcentratiorof casesiear—7. Thereareclearlytwo regimesvisible that
marknearlylinearandrathernon-linearsituationswhich correspondo deepetayersandheavier precipitation
(rain flux greaterthan10-3kg m—2s~1). This regimeis almostindependenof A becausdor intensesystems,
large sensitvities to smallperturbationsnay exist. For frozenprecipitation(Figure3) thereis a strongaltitude
dependencekor higheraltitudesthe linearity improves dueto lower snav contents.Above 550 hPa (model
level 40) snav mainly occursin the moreintensesystemsandshaowvs a lower degreeof linearity.

Cloudliquid water(not shavn here)producesa distribution thatis very similar to that of liquid precipitation.
Cloudcover, however, (Figure4) represents convolution of therain, snav andcloud waterdistributionswith

a goodlinearity wheresnav exists at high altitudesandfor the wealer systemsdn the presencef rain. The
secondarynaximumfor intensesystemss evidentbut log, 5|1 — F| mainly remainsbelov 107,

If the linearity testis appliedto the entire obsenation operatorthat is moist physicsparameterizationand
multiple scatteringadiative transfermodel,the sensitvity of radianceobsenablesto realisticperturbationsn
the controlvectorcanbetested.This canhelpto selectchannelsvhich arelessaffectedby non-linearitiesand
to developscreeningroceduregor the exclusionof situationsn whichtheoperatorcanbe expectedo behae
non-linearly Figure5 shaws the resultsbasedon the samedatasetsusedfor Figure2-4 for the seren SSM/I
channels.For clarity, only valuesof A = 10-1°,10-%,10-2 areshavn. Theresultsfor A = —2 andA = —10
arequite similar for mostchannels.This indicatesthe limitation of calculatinglog,,|1— F| by the numerical
accurag for smallA. In mostcasesthe bulk of the probability distribution of log,,|1— F| remainsbelow 0.
Evenfor A = 1 (notshawn), the maximumof the distributionsis near—2 thatcorrespondso a 1% difference
betweerfinite-differenceandtangent-lineacalculations.For A = —2 andA = —6 two differentregimescan
be identified that refer to the two regimesseenin Figures2-4. Amongthe SSM/I channels37v, 37h, 85y,
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Figure 2: Frequencydistribution of linearity testparameterin termsof rain flux for input perturbationsof tempeature

and specifichumidity scaledby a factor A of 10~1° (a), 10~8 (b), 10° (c), 10~* (d), 102 (e), 1(° (e), respectively
Ordinateshowsmodellevelsandthe colour codingunit is %.
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Figure 3: AsFigure 2 for snow
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Figure 4: AsFigure 2 for fractionalcloudcover.
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Figure 5: Frequencydistribution of linearity testparameterfor differentscalingfactors A andchannelsl9v (a), 19h(b),
22v(c), 37v(d), 37h(e), 85V, (f), and85h(g), respectively
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and85h shaw slightly larger|og, 5|1 — F|-valuesthanthe others. This wasalreadyshavn in anindependent
investigationof microwave radiative transfemrmodelinglinearity (Baueret al. 2006b).

3 Results

3.1 Processing

The processingf rain affectedSSM/I TB’s involves several stepsthat arealsoillustratedin Figurel. These
includea datascreeningorior to the 1D-Var retrieval, a correctionof systematidaifferencesetweerobsened
andsimulatedTB’s ('bias correction’),a post-retrigal datascreeninganda datathinning. Bias correctionis
a sensitve issuebecauseét representan areaof trade-of betweentrue instrumentbiasesand model biases
that can be correctedin the analysis. However, the variationalretrieval framavork is definedfor unbiased
departuresand, secondly if systematiancrementsareintroducedinto the analysisunwantedeffects suchas
excessie precipitationreleasgandsubsequergpin-davn) mayoccur

The SSM/l obsenrationssuffer from a scan-positiomependenbiasthatis causedy thepartialintrusionby the
satellitestructuremainly nearthe endof the scan(ColtonandPoe1999,their Figure3). Thesebiasesamount
to seseraldegreesK andthey arestatic,which meanghat constantiascorrectionsgper scanpositionsufice.
Thesebiaseshave beencalculatedfrom 3 monthsof SSM/I data(F-13, F-14, F-15) over oceans. A cloud
checkwasappliedandthedifferencef clearsky TBs betweerscan-centeandthe otherbeampositionswere
averagedover the entiredataset. Thesebiasesverederived from obsenationsaloneto avoid a contamination
of the biascalculationby scan-anglelependenmodelbiasegproducedoy, for example,seasurfaceemissvity
modelbiasesasa functionof relative azimuthbetweerscanangleandwind direction.

Thenext processingtages thedatapre-screeninghatincludesalandsurfaceandsea-icecheck theexclusion
of caseswith high nearsurfacewindspeedg¢seeSection3d), acheckfor valid TB obserationsandthe screen-
ing of clearsky obsenationsnotto betreatedn theretrieval. Ideally, the 1D-Var retrieval would beappliedin
all casesxceptwhereneitherobsenationsnor modelfirst-guesdieldsshav cloudsor precipitation.However,
the ECMWEF dataassimilationrsystememplo/sascreeninghatis purelybasedntheobsenationssothatcloud
and precipitationscreenindor clearsky obserationsdoesnot rely on modelfields. This may changein the
futurewhencloud-afectedobsenrationswill enterthe analysisatleastaspassve variablesinsidethe obsenra-
tion operatorto avoid aliasingof the sensitvity to cloud variablesinto the temperaturendmoistureanalysis.
In our casea checkfor cloudliquid waterandprecipitationpresencés appliedthatis basedon TB-thresholds.

Oncecloudsand/orrainhave beenidentified ,theobserationoperatoiis appliedto themodelfirst-guesgprofiles
andSSM/ITB'’s, i.e. H(x,), arecalculated.Note thatthe entirescreeningandretrieval procedurés actvated
alongthefirst modeltrajectoryat full resolution. This is becausehe 1D-Var obseration operatorrequiresa
large numberof fieldsthataremostoptimally accesseimmediatelyafterthe calculationof themodelphysics.
Thisimplementatiorrequiresthatthe obserationsaremappedo the modelgrid (40 km sampling)andto the
actualtime step(15 minutewindow). Despitethe channeldependenspatialresolutionof SSM/I footprints,
no adjustments madeandmodelresolutionandobseration resolutionareconsidereddentical. Theimplica-
tions of this assumptiorare presentedy Baueret al. (2006b). After the calculationof the first-guesamodel
equialentTB’s, afirst-guessieparturecheckis applied.

The bias correctionusesa single predictorfrom the model first-guessfields in a linear regression,namely
TCWV. This choiceis reasonabléecausa parameterelatedto humidity is requiredthatis availablein both
clearandcloudy situationsandfor which the TB’s shawv suficient sensitvity. Coeficients, (slopea, offset
b), of the linear fit were calculatedover increasingdatavolumesin Septembe004 to ensurethat the fit
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Figure 6: Time-seriegexpressedasincreasingsamplesize’n’) of gradientsfor bias-corectioncoeficient(a, b; Septem-
ber2004)adjustmentn % for channelsl9v(a), 19h(b), 22v(c), 37v(d), 37h(e), 85y, (f), and85h(g), respectively
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Table?2: First-guessandanalysisdepartue statistics(in K) from clear-sky andrain affectedSSM/Iradianceassimilation
(n: samplesize AFG: meanfirst-guessiepartue, o.: first-guessiepartue standad deviation, AAN: meananalysis
departue, g,,: analysisdepartue standad deviation).

19v 19h 22v 37v 37h 85v 85h
Clearsky:
n 221,202 220,966 220,944 221,358 220,690 220,976 219,895
AFG 0.21 0.41 0.33 0.14 0.26 0.13 0.48
Orc 1.76 3.01 2.67 1.57 3.13 2.06 4.57
AAN 0.17 0.37 0.25 0.11 0.26 0.12 0.45
OaN 1.28 2.03 1.83 1.24 2.39 1.71 3.54
Clouds/rain:
n 1,472,320 1,472,320 1,472,320 1,472,320 1,472,320 1,472,320 1,472,320
AFG 0.30 0.34 0.17 0.30 0.50 -0.04 0.23
Org 4.05 7.48 3.46 6.22 13.02 5.78 12.67
AAN 0.18 0.10 -0.04 0.16 0.14 -0.04 -0.38
Oan 0.92 1.81 0.93 2.87 5.74 4.82 8.85

stabilizes. Figure 6 shavs the time seriesof the gradientsof thesecoeficients with increasingdatavolume
for eachchannel respectiely. The x-axisdenotessamplesizeinsteadof time andthe axis rangerefersto the
entiremonth. For mostchannelsthe gradientreducedairly quickly to lessthan0.1-1%after 2-3 weeks.The
implementedcoeficientshave beentakenthereforefrom thefinal calculationat the endof the period.

Figure7 and Table2 shaw the resultingfirst-guessandanalysisdeparturestatistics. For comparisonsimilar

statisticshave beengeneratedrom the clearsky SSM/I radianceassimilationin the ECMWF analysis. The

meanfirst-guesgepartureshav thatthe remainingradiancebiasesafterapplyingthe biascorrectionarevery

similar for both clearsky and rain assimilationdata. The first-guessdeparturestandarddeviations of rain

affectedradiancesare betweenl.3-2.8timeslarger thanthosein clearskies. This resultis quite remarkable
keepingin mind that the first-guessdfields inside precipitationare expectedto be lessaccuratethan outside
andthatthe obseration operatoris more complex thanthe clearsky radiatve transfermodel. The analysis
departuresre smallerby 50% thanthe first-guessdeparturesn clearconditions,this reductioninside clouds
andprecipitationamountgo 30%. This shavs the goodconvergenceof theminimizationin eithercaseandthe

impactof therespectie obsenration errordefinition (seenext section).

Figure7 shawvs, hawever, thatthe bias-correctiorworks successfullyonly for the lower threeSSM/I channels.
Obviously, the correctionhasto be constrainedurther for the otherchannels.Adding anotherdegreein the
polynominalfit doesnotfully correctthesebiasesanddoesnotalleviatethenon-Gaussiashapeof thedeparture
curvesfor theupperchannelsTherefore pnly thelower threechannelsvereconsideredn the furtheranalysis
while the otherfour channelswere maintainedactive in the 1D-Var retrieval for diagnosticpurposes.Their
obsenration errorsweresetto 999K to eliminatetheirimpact. As shawn in Figurel, the 1D-Var algorithmis
thenappliedandemplgys bothforward andadjointof the obseration operatorin aniterative minimizationof
the cost-functionin Equation(1). After minimization,the post-processings carriedout. Detailsof the 1D-Var
performancendthe post-processingredescribedn the next section.
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3.2 Error definition

Theminimizationis constrainedy both backgroundandobseration plus modelingerror covariancematrices
B andR. B is specifiedrom the short-rangdorecastkerrorsof temperaturandspecifichumidity because¢hese
parameterslso constitutethe control vectorin the 1D-Var retrieval. The forecasterrorsare calculatedat a
ratherlow spatialresolutionthat correspond$o a wavenumbertruncationof 95, i.e. about200 km (Rabier
etal. 1998)andthe vertical error covariancematrix is constant.The spatialvariability of B is thereforeonly
introducedby the error standarddeviation andis supposedo be representate for both clearsky andcloud
scenes.

Part1l of this paper(Baueretal. 2006a)performsa moredetailedstudyof backgrounderrorcovarianceinside
vs. outsideprecipitation.For this, the meandifferencebetweer24-hourand48-hourforecastf temperature
andspecifichumidity for the sametarget time were carriedout assuminghat short-rangdorecasterrorscan
be representetby differencesdetweerforecastover differentperiods. The resultsindicatethatthe currently
availablestatisticsdo not allow a precipitationspecificerror formulation. Only dedicatedvalidationprograms
will allow to produceerror statisticsfrom independenbbserations.

Hollingsworth andLdnnbeg (1986)established techniquefor the separatiorof backgrounderrorsandobser
vationerrorsusingbackgroundieparturestatisticsover areaswith denselysampledground-basedbseration
networks. Themethodis basedn theassumptiorthatobserationerrorsarespatiallyuncorrelatedvhile back-
grounderrorsarespatiallycorrelated.Therefore plotting covarianceof backgrounddeparturegrom different
pointsagainsttheir separationdistancecanbe usedto distinguishbetweemon-zerocovariancedor separation
distancesd > 0 (betweenobsenations)solely dueto the backgrounderm andthosedueto both background
andobsenationtermsatd = 0. Figure8 shawvs theresultfor all sesren SSM/I channelsising116,569samples.
Its is assumedhatatd = 0 thevarianceof backgroundieparturesZ; = 04+ 03 with 03 beingexpressedisa
variancen radianceunits. Thebackgrounderm, o2, canthenbeobtainedrom extrapolatingthe histogranfor
d > 0to d = 0. This seemgustified becauséhe shapeof the histogramis rathersmoothandflattenstowards
d = 0. Theresultingerrortermsaresummarizedn Table3.

Theobserationerrorsareslightly largerthanthe backgrouncerrorsandlargerfor horizontallypolarizedchan-
nelsthanfor vertically polarizedchannels.The latter is explainedby the larger dynamicrangeof the signal
at horizontalpolarization. This alsomeansthatthe obseration errorsare mainly a resultof modelingerrors
becausdhe radiometricnoiseis similar for all channelgbetween).5and1 K) while the modelingerror will
dependon the magnitudeof the simulatedsignal. This raisesthe questionif the Hollingsworth andLdnnbeg
techniquecanbe appliedherebecauseahe obseration errorsmustbe spatiallyuncorrelated.This mustalso
applyto themodelingerrorsbecaus¢hebackgroundieparturegareobtainedrom y° — H(x). While y° is most
likely uncorrelatedH (x) maybe not. This alsoholdsfor the inter-channelcorrelationthatmay be introduced
by errorsin H. However, Moreauetal. (2003)have shavn thatincludingnon-zerooff-diagonalelementsn oy
doesnot significantlyaffect the 1D-Var performance.

As an alternatve solution, the backgrounderrorscould be calculatedirom the diagonaltermsof HBH T that
is the translationof the operationaimodelbackgrounderror covariancematrix into obseration spaceandby

applyingo3 = 025 — 03. However, this would alsointroducemodelingerrorsinto HBH T andneitherwould

producea cleanseparatiorof error contritutions. Figure 9 shavs the resultfrom this calculationthatis the
squaragootof thediagonaktermsof theHBH T matrix for eachSSM/I channel Theleft panelsdenotesituations
whereonly the large-scalecondensatiorschemewnasactive in the 1D-Var minimizationwhile the both large-

scalecondensatiomndcorvectionschemesvereactie in thedatareproducedn theright panels Both median
(dottedline) andmode(dashedine) of the distributions are overplottedandtheir valuesaregivenin Table 3.

Sincethedistributionsareratherwide, the valueswereroundedoff to integernumbers.
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Figure 8: Spatialcovarianceof SSM/ITB's for channelsl9v (a), 19h (b), 22v(c), 37v(d), 37h(e), 85y (f), and85h(g),
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Figure 9: Badkgrounderror standad deviation expressedn radiancetermsfor channelsl9v(a), 19h(b), 22v(c), 37v(d),
37h(e), 85y, (f), and85h(g), respectivelyfrom116,569bservationsLeft (right) panelsrepresenicaseswith large-scale
condensatiorf+ corvection)physicsparameterizatiorschemesactivated.
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Table 3: Estimationof badkgroundandobservatiorerror standad deviations(in K) fromthe spatial covarianceof badk-
grounddepartues(HollingsworthandLdnnbeg 1986)basedon 116,56 %bservationsMedianand modeof background
error distributionsin radiancespacefromHBHT calculationsfor caseswith activelarge-scalecondensatior{LS) and
corvection(CV) schemes.

19v 19h 22v 37v 37h 85v 85h

Og 22 41 20 35 7.4 28 7.7
g 28 52 25 44 90 40 84
Median: o,,g,r,LS 5 10 7 8 14 7 16
Median:o, g, LS+CV 21 30 18 27 25 12 22
Mode: 0,1, LS 5 8 6 5 10 5 12
Mode: 0,0, r,LS+CV 20 37 7 8 22 4 16

Themagnitudeof backgroundandobsenration errorsobtainedrom the Hollingsworth-Lonnbeg methodwere
rathersimilar and by a factor of 2-3 smallerthan thoseobtainedfrom the HBH "-calculations. The main
explanationfor this is that the forward calculationsusing backgroundprofiles of temperatureand moisture
produceradianceghat are closeto the obserationswhile the calculationof backgroundvarianceproperties
in radiancespacds not closeto the obsered minusmodelledvariance.This would suggesthat the B-matrix
in cloudsandprecipitationcontainstoo large covariances.The casesvhereonly the large-scalecondensation
schemeis active shav much lower valuesfor the medianand mode of the distributions comparedo those
wherealso corvectionis found. Whencorvectionis active the atmospherés likely to be more unstableand
thusthe combinedsensitvity of large-scalecondensatiorand corvection schemencreases.The corvection
schemeproducedetrainedwaterthat amplifiesprecipitationgeneratiorin the convectionscheme.Secondly
corvectionis generallymoreactive in the TropicswherealsoB for specifichumidity is larger.

Both backgroundand obsenration errorsare difficult to specifyin cloud andrain affectedareas. At present,
no operationaweatherforecastingsystemhasan explicit formulationof modelerrorsfor thesecasesso that
indirectmethodssuchasthe Hollingsworth andL 6nnbeg techniquerepresenthe only alternatve. Moreover,
theretrieved errorsobtainedfrom this methodseemrealisticand provide a balancebetweerbackgroundand
obsenation errorsgiven the calculatedbackgrounddepartures.The discrepang betweenthe resultsfor the
backgrouncerrorsin radiancetermsobtainedfrom the Hollingsworth-Lonnbeg andthe HBH "-methodalso
suggesthatthereis a needfor a betterdescriptionof moisturebackgroundcerrorsinsidecloudsandprecipita-
tion.

3.3 Convergence

Figures10aand 10b shav an exampleof the averagereductionof both costfunction andits gradientfor a

12-houranalysisfor 70,149samples.In the currentimplementationa maximumnumberof iterations,k, of

19is allowed, otherwise no corvergenceis assumedFigure 10c shavs that mostretrievals requirebetween
5 and15 iterations. The cost-functiongradientsarereducedoy 4 (2) ordersof magnitudefor the obsenration

(backgroundomponentsiespectrely. This suggesh stableperformance.

A zonalcross-sectionef the proportionbetweersuccessful D-Var retrievals andscreenedetrievalsis shavn

in Figurellafor thefirst 20 daysin January2005with 5 degreeresolution.Thefractionof successfutetrievals
exhibitslowernumberdn the Winter hemisphereThisreductionis mainly dueto theincreaseof rejectionsdue
to excessie TCWV incrementsi.e., thedifferencebetweenT CWYV retrievalsandthe modelfirst-guessralues.
A thresholdof 20%with respecto thefirst-guessT CWV waschoserto avoid excessie moisturechangesvith

possiblynegative impactdueto the moist physicalparameterizatioperformance.

18 TechnicalMemoranduniNo. 487



1D+4D-Var Assimilationof PrecipitationAffectedMicrowave Radiances1D-Var cECMWF

The areaswith TCWV incrementrejectionsare mainly locatedin the regions of frontal overpassesn the
Northernoceans. In theseregions, sea-surice temperaturesre ratherlow and mostof the precipitationis
frozen. Generally the threechosenSSM/I channelsshaw little to no sensitvity to frozenprecipitationsothat
the TCWV retrievals uselittle informationfrom the obserations.

Thedistribution of retrieval rejectionsdueto non-cowergenceshavs higherrejectionratesin dry sub-tropical
areas. This rejectionis activatedduring the minimizationif incrementdarger than 10 timesthe background
error standarddeviation appearor if negative moisturesor unrealistictemperaturesare produced.Again, this
rejectionflag preventsthe moist physicalparameterizatioschemedrom failing. As expected,the average
numberof 1D-Var iterations(Figure 11b) follows the distribution of rejectionsdueto corvergenceproblems.
The relatve TCWV increments ATCWV, in Figure 11b shav a zonally symmetricdistribution due to the
screeningof excessie incrementsdescribedearlier However, the zonal structurerevealsthat the average
incrementsarepositive (aboutl%) andthatthey areslightly largerin the Subtropics.Thisis in contrastto the
resultof Marécaletal. (2002)whoidentifieda negative averageT CWV incremenfrom theassimilatiorof TMI
rain rate estimates.Dependingon the rainfall retrieval algorithm,Marécalet al. found an averageincrement
of —0.1kgm~2. Our resultof 1% translateto about0.3kgm—2. This meandeparturds reducedn the 4D-Var
analysisto about0.04kgm~—2 (Baueret al. 2006a). Therearemary potentialexplanationsfor this difference,
namelythe approachof assimilatingrain ratesvs. TB’s andthe different moist physicalparameterizations
schemesisedn the 1D-Varalgorithmsaswell theevolution of thenon-lineamodelphysicalparameterizations.
AnotherreasorcouldbethatMarécaletal. did not applyabias-correctionio theretrievedrain rates.

3.4 Impact

Figure 12 shavs a mid-latitude front over the North Atlantic on December31, 2004 from the analysisat
00 UTC. Figure 12adisplaysthe differencebetweenthe 19v and 19h SSM/I channelgthat is indicative of
increasingprecipitationintensity with decreasingpolarizationdifference. The polarizationis producedby
surfaceemissionandhasa maximumin clearskies. With increasingoptical depthdueto radianceabsorption
andmultiple scatteringrom hydrometeorghepolarizationsignalis obscuredSincethepolarizationdifference
only decreaset about30 K, thetotal condensedvateramountis notvery large.

TCWYV incrementdrom 1D-Var retrievals areoverlayedandshow large-scalgup to 30%) positive increments
in the post-frontalcloudbandswvealer negative incrementsaheadf thefront while thecloudbandshemseles
areonly locally modified. The meanprofile incrementssuggesthat positve TCWV incrementsare mainly
producedoy anincreaseof moisturebelov modellevels 50 (= 900 hPa) andatemperaturalecreasdetween
modellevels 43 and 58 (=650 and 1000 hPa). However, the profile incrementstandarddeviations are large
indicating a substantiakpatialvariability. Liquid precipitationonly increasesiearthe surfacewith a strong
impacton frozen precipitationsincethe largestincrementsare locatedin the cold sectorof the disturbance.
Cloud liquid waterand cloud cover are nearlyunchanged.As previously mentioned the threeactive SSM/I
channelamainly respondo changesn liquid waterandrain but the strongesimpactis obsered throughthe
moistphysicalparameterizationsn frozenprecipitation.

Thesecondxample(Figurel3)originatesfrom thesameanalysisandshavs atropicaldisturbancg’ Chambao’)
in the SoutherrindianOcearpassingoy theislandsof La RéunionandMauritius. Thepolarizationdifferences
arestill largerthan20 K suggestinghatthe systemis not fully developed.Therelatve 1D-Var TCWYV incre-
mentsaremuchsmallerthanin the mid-latitudecaseghatis lessthan15%. Keepingin mind tropical TCWV
amounts10%in relatve incrementsepresenguitesubstantiahbsoluténcrementsTheincrementaremainly
positive in the systems rain bandsandnegative in the lessintenseareas.This indicatesan overestimatiorof
rain coveragein the first guess.The profilesof incrementsshav warminganddrying (Figure 13b, c) over a
deeplayer betweensurfaceand 750 hPa. Above the freezinglevel, both liquid and frozen precipitationare
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Figure 10: Meanandstandad deviationsof normalizedLD-Var cost-function,)’, for observation(solid) andbadkground
(dashed}terms(a); gradientof cost-function(b), respectivelyas a functionof iteration numbey k. Distribution of fre-
quencyof occurrenceof 1D-Var iterations(c)
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Figure 11: Zonaldistribution of percentage of successful D-\ar retrievals (white), too large TCWVanalysisdepartues
(light grey), too large TB analysisdepartues(dark grey) and corvergencefailures (bladk) for January 1-20, 2005 (a).
Zonaldistribution of mean1D-Var iteration number(white) and meanrelative TCWVincrement(in %; light grey) (b).

slightly enhancedbut rain is reducedbelow. Cloud liquid waterandcloud coveragerespondsimilarly in both
casesvith incrementf the samesignalongthe profile.

Globalincrementstatisticsfrom the entiremonthof SeptembeR004aresummarizedn Figure14 for TCWV
(a), large-scale(b) and corvective (c) precipitation,respectiely. The ~0.5% increasein TCWV from as-
similating SSM/I TB’s is reflectedin the frequeng distribution and propagategnto thosefor both stratiform
andcorvective precipitation. For precipitation,the incrementsaredisplayedasdBR thatis 10 0g, ,Awg with
Awg = Wp oy — Wr - Thisis becauseglobally, precipitationfollows aratherlog-normaldistribution.

The geographicablistribution of relative incrementss displayedin Figure 15. Thereare regionswith very
specificpositve andneggatve TCWV incrementgFigure 15a),respectiely. Subtropicalareaswith lower rain
intensitiesreceve large positive relatve TCWV incrementswith little effect on precipitation.Very smallneg-
ative TCWV incrementsn the Northernoceangroducea significantreductionof large-scaleandsometimes
convective precipitation. In the Southernindian Ocean,the strongestpositive precipitationincrementsare
producedwhile the strongesheagative onesoccurin the SouthernPacific. The areasof large corvective rain
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Figure 12: Exampleof relative TCWVincrementsuperimposedn SSM/Ipolarizationdifferencesat 19.35GHz (a) (in
K). Symbolsndicatesign of incrementsand symbolsizedenotesncrementmagnitude(seelegend). Panels(b), (c), (d),
(e), () and (g) denoteaveraged vertical incrementdistributions of tempeature, specifichumidity rain flux, snowflux,
liquid water mixingratio andfractional cloud cover asa functionof modellevel, respectivelyShadedarearefeisto +1
standad deviation. 00 UTC analysison Decembef31,2004.
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Figure 13: AsFigure 12 for tropical disturbanceNo.6,’Chambo’, in the Southernindian Oceanfrom 00 UTC analysis

onDecembeB1,2004.

TechnicalMemoranduniNo. 487

23



CCECMWF

1D+4D-Var Assimilationof PrecipitationAffectedMicrowave Radiances1D-Var

o)

:IJHHHHHHHHHU AL LLLL HHHHHUOHHHHHHHHHL

o AL |

0 !_H_H_\HHHHHHHHHH AL HHHHHHHHHHHHHHHHHmmmme

14Cﬁ e

ijmmmﬁﬁmﬂﬂﬂﬂﬂHHHHH AL HHHHHﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂmmmmm
Awg, [dBR]

Figure 14: Frequencydistribution of TCWV(a; in %), stratiform precipitationflux (b; in dBR)and corvectiveprecipita-
tion flux (b; in dBR)incrementdrom 1D-Var retrievalsin Septembe2004.
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Figure 15: Global incrementdistribution of TCWV (a; in %), stratiform precipitationflux (b; in dBR) and corvective
precipitationflux (b; in dBR)from 1D-Var retrievalsin Septembe2004avergedto 2.5° resolution.
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incrementcorrespondo only afew casegper monthandto situationsin which the first-guessorvective rain
rateis very small. Therefore,ncrementsof, for example,10 dB thatis one orderof magnitudestill produce
weakrain intensities.

Generally the large-scalecondensatioschemdncrementsare smootherand cover the entireglobe. Most of
thetime, the areasf positve andnegatve TCWV incrementdirectly translateinto incrementsf large-scale
precipitationof the correspondingign. Thisis becaus®f the highersensitvity of thelarge-scalegrecipitation
parameterizatioto moisturechangesomparedo thecorvectionscheméecauseheair is alreadysaturatedn
the presencef large-scalecondensation.Thelargestrain incrementoccurin areaswith little rain sothatthe
globalimpactof the rain assimilationis ratherweak (seealsoFigure14). Local incrementanbe large even
in the presencef significantamountsof rain, for examplein the CaribbearSeaandnearmid-latitudefrontal
systemsHow muchof this impactremainsin the 4D-Var analysisandhow this will affect the medium-range
forecastswill beshavn in the subsequenpaperby Baueretal. (2006b).

4 Discussion

This paperis the first part of the descriptionof methodologyandresultsof the assimilationof rain affected
SSM/lIradiancesat ECMWEF. Basedon previous studies,a 1D+4D-Var approachwaschosenwherethe radi-
ancesareusedasobsenrationsin a 1D-Var retrieval of total columnwatervapourthatis thenassimilatedn the
4D-Var system.The main developmentin thefirst stageis the obseration operatorthat consistsof linearized
corvectionandlarge-scalecondensatioschemesswell asa multiple scatteringadiative transfemrmodel.

Eventhoughthe 1D-Var retrieval emplg/s a non-linearminimizationalgorithm, the linearity of the obsera-
tion operatorhadto be evaluatedbecausédt determineghe quality of the corvergence. The linearity of the
moist physicsparameterizationandtheradiative transfermodelwereinvestigatedseparatelyor realisticper
turbationsdeducedrom analysisncrementshatwereobtainedrom the 1D-Varretrieval itself. Only for rather
intenserain events thelinearity seemedleterioratedut evenfor mostof thesituationsthedifferencedetween
finite-differenceandtangent-lineacalculationsremainedwithin the 10% level. The linearity performanceof
the entire operatorwasfoundto be betterthanfor the microphysicsparameterizationalonethat shaved the
wealeststatisticsfor frozenprecipitation.The dependencen SSM/I channelwasfoundto beratherweak.

A screeningandbiascorrectionprocedurenvasintroducedthatreduceghe analysego thosecaseswvherethe
1D-Varretrieval canbeexpectedo performwell andanintroductionof TCWV biasesnto the4D-Var analysis
is therebyavoided. Comparedo the departurestatisticsof SSM/I radiancesn clearskies,therain obseration
operatomperformsextremelywell for the lowestthreeSSM/I frequenciesRadiancedeparturestandardievia-
tionsarelessthanafactorof 3 largerthanthosein clearskies. Thisis avery goodresultgiventhe compleity
of theobseration operator

The Hollingsworth-Lonnbeg methodfor the separatiorof backgroundand obsenation error standarddevia-
tionswasimplemented.This indirectalgorithm provided realisticresultsand producedbalancecderror values
for all SSM/I channels.A directobseration error estimationis not possiblebecausdhe largestcontrikution
canbeattributedto the obseration operatorfor which noindependentalidationexists.

The1D-Varconvergenceperformancavasanalyzedor athree-weelperiodin January2005insidethe current
operationalsystem. The numberof minimizationfailuresis belov 5% and most datarejectionsare due to
TCWYV incrementshat were consideredoo large. The associatedhresholdswill have to be refinedin the
contet of the4D-Var analysesExamplesof 1D-Varincrementstatisticsvereshavn in a mid-latitudefrontal
systemanda weaktropical cyclone. Globally, the TCWV and precipitationincrementsvere positive for the
choseranalysisdate. This moisteningof the atmospherevasexpressedasanincreasan both large-scaleand
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convective precipitation. A slight dependencen latitudewasidentifiedwith maximaaround+40 degreesof
latitudein ratherdry areas.Thegeographicatlistribution of large-scaleandcorvective rainincrementshaved
severaldistinctfeaturesThelarge-scaleschemehasa strongersensitvity to moisturechangesndis activated
almosteverywhere. Outsidethe tropics, the corvection schemeshaws large incrementsin areaswherelittle

rainis present.

In summarytheimplementedLD-Var methodologyperformedvery well with the choserobsenration operator
Microwave radiancesare mainly sensitve to integratedhydrometeoicontentsand alwaysshav sensitvity to

TCWYV andto a lesserdegreeto atmosphericemperatureTherefore gvenin the absencef backgroundre-

cipitationa minimizationcanbe performedduringwhich cloudsand/orprecipitationaregeneratedThe error

distributionsarevery smoothand, at leastfor the lower frequenciesshav nearGaussiarshapesvith reason-
ableerrorvalues.Partll of this papemwill investigatetheimpactof TCWV pseudo-obseationsproducedoy

the 1D-Var retrieval on the 4D-Var analysesandforecasts. This is a new obsenation type in areasthat are

usuallyscreeneaut in satellitedataanalysesThe assimilationof rain affectedradianceshereforehasalarge

potentialfor future forecastimprovementsbhut theimpactwill greatlydependon the assimilationsystemitself

andtheinteractionbetweermoisture-relate@bserationsandmodeldynamicsprescribedy the assimilation
systemandby theformulationof backgrouncerror covariancestatistics.
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